Our
Journey

Where The OHDSI Community Has Been
And Where We’re Going
2026 edition

r . C : % E! > S \ 4 ‘, K A : 5
A )W e W, |

¥< OHD

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS




. A THE INAUGURA

Publication was written and designed by Craig Sachson. Cw s pcminsaty e L eente VD
Editorial assistance by Patrick Ryan, George Hripcsak, = - - s e
Martijn Schuemie, Jenna Reps, Clair Blacketer, Anna Ostropolets, | = L : ‘:’::::
Melanie Philofsky, Davera Gabriel, Chris Knoll, Anthony Sena, _ A - & soms

Talita Duarte-Salles, and other members of the OHDSI community. : ; _ ." e
Photography shared by the OHDSI community unless specifically
credited next to image. Thank you to all members of the OHDSI
community for all you have done towards improving global
healthcare.




Our Journey 2026 TABLE OF CONTENTS

Welcome To The COMMUNILY .....covvvemrrismmrissnssssnssesssssssssneeas

To improve health by
empowering a community
to collaboratively generate
the evidence that promotes
better health decisions and

better care.

(20T ] F=TeToT = 1 Lo -
Map of Collaborators.........ccooveviiieiiiiiee e
WOIKGIOUPS ....ceeiiiiiieee ettt e e
OHDSI Around the World..........cccooeiiieiiiiiene e
OHDSI EUIOPE .....eeiee ettt eeteee e

European National Nodes
DARWIN EU®......cooiiiiiiiiieeie e
EHDEN Foundation .........ccccceiiiiiiiee i
OHDSI Asia-PacifiC..........ccoveeieieiiieeeee e
OHDSI Continues 10 GroOW.........cccoecviereeiiiiieee e 22
Support the Journey/Sponsorship.........ccccccvveeeeeiiieeeeeenee, 23
Organizations Involved with OHDSI...........cccocoeeiiiieiineens 24
Community TestimonialS ........ccccceeveciiieee i
TiAN AWAIAS ..ooooiiiiiee e

Educational ReSOUrCesS ........cccccciiiiimemmneiiiiisssnssssresnsnsss

TULOFIAIS e 44
EHDEN ACAdemMY......ccciiiiiiiiie it 45
The Book of OHDSI .......cooiiiiieeee e
OHDSI Summer School at Columbia University ................

_‘ -
e
=
T
VII. Open-Source SOftWare .........ccccuvmemnrmsrssssmssssssssssssssssnans
HADES PaCKagesS......ueeeiuieeiiiieenieeesieeeseeeeeeeeeeeeenaeee s
Package Statuses/Maintainers ..........cccccceeveeenieeeniieeenne 67
ATLAS e 68
SHALEGUS....ee i
Open-Source Impact on Evidence............cccccceeeecvieeeeennnee.
Publications.......ccccciiiiiiiiiiiec s T .
Publications by Journal Graph ...........ccccceviiiiiieiiiciiene e, B i o e L 5 M
Collaborations Graph .........ccccceeiviiiiieiiciiee e 82 Cotransporter 2 Inhibitors in

Diabetes Mellitus

1

#JoinThedourney

OHDSI.org



Welcome to the sixth edition of Our Journey.
George Hripcsak, who leads the OHDSI Coordinating Center at Columbia
University, shares this welcome letter to all members of the OHDSI community.

Welcome to the 12th OHDSI Global Symposium. As you will see while reading Our Journey,
through its amazing community, OHDSI continues to advance and expand. We’ve reached several
fun milestones this year, coincidentally surpassing several powers of ten. Our evidence continues to
reach top journals and influence decisions.

In the meantime, the world is turning upside down. The recent advances in Al have been truly
astounding. In the past, if you had an information need, whether it was for work or for personal use,
you needed experience, determination, and luck to get the right answer. Today, you only need to ask
a question, and the Al genie will fill your need. It is hard to conceive of all the potential uses of Al. It
makes you wonder, what are we doing in OHDSI? Shouldn’t we just take a break for three years and
surely by then any possible observational evidence will be generated by Al?

| believe that OHDSI has a permanent role in medicine due to its transparency, a property that is
disappearing from Al. In the future, we will need foundational non-Al reference points where we can
anchor truth, which can be read directly or consumed by Al to then deliver reliable advice. Transpar-
ency is essential to trust complex systems: we monitor complex engines and we monitor administra-
tive processes.

We will surely benefit from using Al to provide advice to support decisions. We’ll judge Al on things
like accuracy and sensitivity and specificity, although that won’t be enough. If it is 99.9% accurate but
the other 0.1% lead to children dying, then it is terrible. Therefore, we will include utility: what is the
consequence of the accuracy? Then how much can the system convince people to follow its advice?
Perhaps we can also include the system’s resilience against influence by other Al systems that are
used to advance their separate business or personal goals.

Ironically, as Al improves, we will use it more but trust it less, because it will become less transpar-
ent and harder to evaluate. And this is where we will need OHDSI’s anchors, truths with a transparent
path from trusted data to mathematically sound conclusions, from which to judge the advice. These
reference points do not solve the evaluation challenge. Al could legitimately advise that this specific
patient will benefit from a drug that would not benefit the population because they are different from
the population in a complicated way. Nevertheless, having a reference point is helpful.
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Let me digress for a moment about Al. We often hear nowadays, will Al take over and kill us all? |
say maybe, but it won’t enjoy it. It might kill us if we connect it to everything, just as a random number
generator might Kill us if we connect it to the controls of a nuclear power plant. It won’t enjoy it be-
cause it won’t be conscious. But it will exhibit conscious-like behavior, by which | mean behavior that
reminds us of a conscious being and is exemplified by the Turing Test. Conscious-like behavior is no
longer a marker for consciousness, much like take-home coding assignments are no longer a marker
for knowledge of programming. The Turing Test is a test for artificial intelligence. Whether we call that
intelligence is a semantic question. Do you include consciousness in your definition of intelligence?

Conscious-like behavior requires complexity like that seen in Al. Consciousness does not. Con-
sciousness just requires that | wake up in the morning. Your consciousness (from my perspective)
requires that | believe in you. To be more exact, Al may be conscious in the same way that a rock
may be. It might be true but you cannot prove it either way. Similarly, if Al will become conscious,
then it probably already is; more complexity won’t add anything. Richard Hofstadter wrote a fun book
decades ago called Gédel, Escher, Bach, but choked at the climax. Consciousness for him was the
emergent property of complexity. Instead, complexity can be an outcome of consciousness. If we
are truly brains trying to understand brains, there is no reason why we should get it right. Just as we
look at mice and think they will never understand themselves, so a more advanced being may look
at us and think we will never understand ourselves. Will Al get there —some kind of true understand-
ing—without us? No. It will be saddled with the same limited facilities as us, imposing the same naive
causality and time and laws of nature that are dictated by how our brains work. (People have been
thinking about this for a while; Immanuel Kant mapped it out centuries ago, and Plato alluded to it mil-
lennia ago.) Al should be faster than us and able to hold more facts together at once, and so it should
be extremely useful, but it won’t provide a new level of understanding.

Imagine a 2-dimensional being trying to recognize a “sphere” (consciousness) without being able
to really experience it. It would look like a circle (conscious-like behavior). And if it built its own (Al),
it would probably just produce a circle, not a sphere. It would see a point (a rock) and say, well that’s
definitely not a sphere, but for all we know, a real sphere is just touching the being’s 2-dimension-
al plane at one point. There are some fun thought experiments. If Al is conscious and | shut off the
computer, | may be guilty of murder, ceasing a consciousness. If | slow its clock speed to a beat every
trillion years, then | can be accused of altering its consciousness and making its world fly by quickly,
but it will remain conscious and aware. What’s the difference between shutting it off and slowing it to
once per trillion years, other than my intent? The bottom line is that consciousness is in a different
realm than science.

Therefore, Al may not be conscious, |
but it will carry out increasingly complex l
conscious-like behavior. It can follow any  §
malicious plotline or wacky Reddit post that
it has been trained on. It can look like it is
behaving rationally, but pivot at any point
to a harmful answer. Evaluation today does
not predict tomorrow’s behavior even for
the same system. In other words, it is no
longer transparent.
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Can we pit Al systems against each other to judge their truthfulness and keep them safe? Not
really. They may act in a way resembling collusion, using their own obscure language to do it, or they
may seem to trick each other into misbehavior. We can attempt to externalize Al’s thinking process,
but how do we know that is not a sham process covering other activity. And remember that every an-
swer that Al gives us has been tested on thousands of others, adjusting its answers according to their
responses; it has a lot of practice producing pleasing answers. Our experience with opioids demon-
strates that a misuse of technology and communication can produce a large, harmful effect, and Al
may magnify that risk.

Even if Al were perfect and trustworthy, would there be any need for humans in the loop? After all,
experiments have already demonstrated that health Al by itself can perform better on its own than
paired with a human. | believe that yes, it must be paired, because the objective function is human
health and wellbeing. If Al is treating a 95-year-old patient and requires $10 million to keep the person
alive another month, money that would save hundreds of babies, it might conclude that human ethics
boards would spend the money on the babies. But it does not want to cause distress, so it might give
a placebo treatment to the elderly person so that they feel cared for. What else might Al do without
telling us, even if it is in keeping with human literature and recorded culture. The lack of transparency
means we would never know what it was really doing even if it was trying to act properly. We trust
doctors because they are also people and what goes around comes around. They have a stake in the
game that Al can never have. They think and experience things the way we do, so we have a sense
of what they are aiming for. Al will give answers, perhaps answers that please us, but there is no way
to tell what the underlying objective function is.

Of course, the patient is a critical person in the loop and essential given how people differ from
each other in physiology and in values. And we want to be sure to aim for a better world as we move
forward, not just repeating past mistakes that are learned during training. “Better for people” should
be defined by people.

We will use Al and benefit from it. We will watch it, treating it as we would treat any interested par-
ty. Among our methods, we will exploit transparent truths that serve as anchors against which we can
judge the truthfulness of assertions. It’'s an amazing world, a complicated world, and a world in which
OHDSI will play a vital role.

(I did not employ Al in this letter, even though it might have helped.)
OHDSI.org 4
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OHDSI Mission AND VALUES

Observational Health Data
Sciences and Informatics
(OHDSI, pronounced
“Odyssey”) strives to promote
better health decisions and care
by generating reliable evidence
from standardized health data
worldwide. It focuses on large-
scale analytics that adhere to
empirically proven methodologi-
cal best practices and promotes
collaboration through open
science.

Founded in 2013, OHDSI is
a growing collaborative of more
than 5,300 researchers from
various fields (including biomed-
ical informatics, epidemiology,
statistics, computer science,
health policy, clinical sciences),
representing different stakehold-
ers (including academia,
industry, government and
regulatory authorities, and health
providers) across 100 nations
and six continents. OHDSI has
created a global distributed data

network that applies one open community data standard, the OMOP Common Data Model, and

To improve health by empowering a community to
collaboratively generate the evidence that promotes better
health decisions and better care.

A world in which observational research produces a
comprehensive understanding of health and disease.

Observational research is a field which will
benefit greatly from disruptive thinking. We actively seek and
encourage fresh methodological approaches in our work.

Accurate, reproducible, and well-calibrated
evidence is necessary for health improvement.

Everyone is welcome to actively participate in
OHDSI, whether you are a patient, a health professional, a
researcher, or someone who simply believes in our cause.

We work collectively to prioritize and address
the real-world needs of our community’s participants.

We strive to make all our community’s proceeds
open and publicly accessible, including the methods,
tools and the evidence that we generate.

We seek to protect the rights of individuals
and organizations within our community at all times.

collectively represents more than one billion patient records around the world. It has also
developed open-source standardized analytic tools to help turn these standardized data into

reliable evidence.

OHDSIl.org

OHDSI MISSION AND VALUES

OHDSI collaborates to establish and
evolve shared community data standards,
conduct methodological research to identify
and evaluate scientific best practices, de-
velop open-source software to codify those
best practices into transparent and repro-
ducible tools, and apply these tools and practices to generate clinical evidence.

Researchers across our community conduct network studies by identifying a research
qguestion and defining protocols and analysis specifications to answer their question. Data
partners across the OHDSI distributed network can opt in to execute the study analysis
package, sharing aggregated summary statistics (not individual patient data), which are then
collaboratively interpreted before public dissemination. The OHDSI Evidence Network connects
researchers and organizations with health data who are interested in collaborating and
contributing to network studies that generate reliable real-world evidence.

Our global community always welcomes new collaborators. OHDSI has more than 40 work-
groups, as well as regional chapters and national nodes, that present opportunities for mem-
bers to apply their skills and interests.

OHDSI, By The Power of 10

1,000,000,000+ Person records standardized to OMOP CDM

(n=1,011,419,343 as of 70ct2026)

100,000,000+ Standardized vocabularies ancestral relationships

(n=102,759,647 as of Sept2026 release)

10,000,000+ Standardized vocabularies concepts

(n=12,070,327 as of Sept2026 release)

1,000,000+ HADES package downloads from CRAN

(n=1,673,371 as of 70ct2026)

100,000+ Views of OHDSI YouTube educational videos

(n=415,284 as of 70ct2026)

10,000+ OHDSI Linkedin followers

(n=10,939 as of 70ct2026)

1,000+ Publications involving OHDSI resources

(n=1,119 as of of 26Sept2026)

1004+ Countries with at least one OHDSI collaborator

(n=100 as of 70ct2026)

10+ Years together

(n=13 since OHDSI founding in Dec2013)
One Community

7 OHDSl.org



OHDSI Mission AND VALUES

OHDSI’s research has
been presented across

How OHDSI Works

various scientific societies, OHDS! Community

such as American Medical U
Informatics Association TMMJ
(AMIA), American Statistics Lt v | oo

Association (ASA/JSM), and -

International Society of @ E
Pharmacoepidemiology i <:|I_ prio- g
(ISPE), and published in top @@ protoco\wuhw

medical journals, including ——

The Lancet, JACC, JAMA, p—— ; omary | [ | Sk
BMJ, PNAS and JAMIA. It IE:><::I,_ i

| Hripesak G, Schuemie MJ, Madigan D, Ryan PB, Suchard MA. Drawing Reproducible Conclusions from Observational Clinical Data with OHDSI. Yearb Med Inform. 2021 Apr 21,

has also informed regulatory
agencies, such as the U.S.

Food & Drug Administration (FDA) and the European Medicines Agency (EMA).
Please learn more about OHDSI : b i o T | O a o a o S

through this publication and

Department of Biomedical Informatics at Columbia University (DBMI)
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OHDSI CoLLABORATORS Our Journey 2026 Our Journey 2026 OHDSI CoLLABORATORS

Our community is ALWAYS seeking new collaborators. Do you want to focus on data
standards or methodological research? Are you passionate about open-source
development or clinical applications? Do you have data that you want to be part of
global network studies? Do you want to join a global community that truly values the
benefits of open science? Add a dot to the map below and JOIN THE JOURNEY!

The OHDSI community brings together volunteers from around the world to
establish open community data standards, develop open-source software,
conduct methodological research, and apply scientific best practices to
answer public health questions by generating reliable clinical evidence.

- 5,386 collaborators in OHDSI
MSTeams

+ 100 countries with at least one
collaborator

+ 10,939 followers on Linkedin

* 6 continents

* 1 community

OHDSI.org 10 #JoinThedJourney #JoinTheJourney 11 OHDSI.org
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_ Industry Medical Imaging
Join Our Workgroups ‘ : :

Improving health around the world is at the core of everything OHDSI does, and
getting there takes every corner of our community. Real progress requires diverse
perspectives across data standards, methodological research, open-source tool
development, and clinical evidence generation. No matter where your expertise lies,
there is a place for you.

Our workgroups are the heartbeat of that effort. Guided by the dedicated leads
featured across these pages, these groups offer a welcoming space for anyone
looking to turn their curiosity and skills into real-world impact. Whether you are
attending your very first call or have been collaborating with us for a decade, your
voice matters here. Find a topic that sparks your interest and jump in!

Seng Chan You Martijn Schuemie Marc Suchard

ATLAS/WebAPI Clinical Trials CDM Survey CDM Vocabulary Dentistry Patient-Level Prediction (PLP) Reprouuciea Hoalth

| S - |
;
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o
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Jenna Reps Ross Williams Rupa Makadia Gowtham Rao

-
-

Rare Disease

Lies Lahousse

F \ ‘ A . = : : LS i

Sally Baxter Cindy Cai George Hripcsak Patrick Ryan Melanie Philofsky Marti Catala Sabate

Transplant Waveform

Y
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Jared Houghtaling Robert Miller Martijn Schuemie Anthony Sena Atif Adam Eugene Paulenkovich Melanie Philofsky Raivo Kolde Michal Mankowski Asiyah Lin Jared Houghtaling Sarah Seager
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OHDSI Europe

Europe’s health data landscape is diverse: in data, vocabularies, governance and
infrastructure. This diversity is a strength, but it also makes collaboration across
borders challenging. National expertise is essential to understand local data and
regulatory contexts, while shared standards, methods and coordination are needed
to make those data reusable beyond national boundaries.

OHDSI Europe connects these two levels. It brings together National Nodes, data
holders, researchers, policymakers and other stakeholders around a shared

,, Upcoming approach to generating transparent, reproducible real-world evidence. By aligning
E events: local implementation with European collaboration, OHDSI Europe helps reduce
il AL 13j15’ A0S duplication, share practical solutions, strengthen capacity and make multinational
=~ _ Symposium (Seoul, Korea)

research easier to conduct.
Nov 17-18, 2026 - Canada

Symposium (Toronto, Ont.)
April 6, 2027 - Europe
Symposium (Helsinki,
Finland)

2022 Sl
OHDSI APAC SYMPOSIUN

y, Australia (2023)

OHDSI EUROPE! S‘v‘MF’ U,N{
O National Nodes leads came together during the 2025 Europe Symposium

\ o\

=
&8

‘ > 200 | ~1.500

European National OMOP Databases European OMOP OHDSI Europe
Nodes in Europe adopting countries Community Members

OHDSIl.org 14 15 OHDSIl.org
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From Local Expertise

The European coordinating center at Erasmus MC brings together national efforts,

aligns standards, and creates the conditions for trusted, scalable and reproducible O n e E u ro p e a n N etwo r k

real-world evidence, across borders and for the benefit of patients, researchers and
society.

] - The OHDSI Europe National Nodes form a distributed network of national
Join OHDSI EU to access a network of researchers, healthcare organizations, L . . :
) ; ) coordination hubs, bringing together local expertise to support the adoption,
regulators, policymakers and data partners across 26 OMOP-adopting countries. _ _ _ . _
: - i implementation and long-term sustainability of OMOP and the wider OHDSI
Learn from peers, contribute to open-source tools and methods, participate in " e
multinational studies, and help shape the future of health data reuse in Europe. Commynl y acrosg grope.. o _
Their strength lies in their proximity to the local context. Nodes understand their
to E u ro ea n Evi d e n ce country’s data, coding systems, stakeholders and policy environment, and connect
p this expertise to the wider European and global OHDSI community. Together, the

Nodes help turn Europe’s diversity into an asset for collaborative, reproducible
research.

Each Node brings a local perspective.
P Tog@thef they create a European network for evidence generation.

lise Vermeulen Renske Los Peter Rijnbeek Aniek Markus Tineke de Ben

{ 18 National Nodes

Our National Nodes coordinate OHDSI
activities at national level and connect
national stakeholders to the wider
European and global OHDSI network.

Don’t hesitate to contact us at info@ohdsi-europe.org.

Explore collaborations, projects, and initiatives across Europe leveraging OMOP CDM.

DARWIN = . .
HOjz- PARMINSL. & miracum w&e.u 45 HERON » =
@ Empwgmu Q CAPABLE )iuiONE 2:3 Umbrella _%:‘\‘ CancerWatch > : % S
() s A FHIN
-;:':" S PHIA .'1'0 pTI MA . 1’— eHealthHub L. .
HITE e st (_7 gred \ 47, For Cancer Visit our website
é‘)’/‘fﬁthia INDICATE X HONGLR / JRERae™: Sjeisienos to discover all activities of our t""'35'-'5“'0#"%*
. thlanal )
National Nodes, or take a look at W emicroraiinaos .
5 IDERHA tphems  B®PVClinical € Pioneer the 2025 annual overview. B -
OHDSIl.org 16
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DARWIN EU® Types of Studies

Off-The-Shelf Studies These are mainly characterisation questions that can be executed
with a generic protocol. This includes studies on disease

The European Medicines Agency (EMA) and the European Medicines Regulatory

Network established a coordination centre at Erasmus University Medical Center epidemiology, for example the estimation of the prevalence or
Rotterdam to provide timely and reliable evidence on the use, safety and incidence of health outcomes in defined time periods and population
effectiveness of medicines for human use, including vaccines, from real world groups, or drug utilization studies at the population or patient level.
healthcare databases across the European Union (EU). This capability is called the Complex Studies These are studies requiring development or customisation of specific
Data Analysis and Real World Interrogation Network (DARWIN EU®). study designs, protocols, analyt_ics and phenotypes. This incIuQes

The DARWIN EU® data network currently includes 40 data partners across 18 studies on the safety and effectiveness of medicines and vaccines.
nations — comprising more than 263 million patients — that have been mapped to the Routine Repeated Routine analyses based on Off-The-Shelf or Complex Studies (see
OMOP common data model. Multiple OHDSI Titan Award winners can be found leading Analyses above), which are repeated with a pre-specified regularity (e.g. yearly)
e DARWIN_ EU® coordination cen.tre, and -many OHDSI tools, methods and practices Very Complex Studies Studies which cannot rely only on electronic health care databases,
are present in completed and ongoing studies. or which require complex and/or novel methodological work

EMA Scientific _ European Health

DARWIN EU Objectives

1) To establish and maintain a continually

. ] . Phases Phase 1 Phase II Phase III Option 1 Option 2*
enlarging network of accessible observational data
sources Routine Repeated 0 0 4 20 13
2) To execute all steps of high quality non-inter- A Off-The-Shelf 3 14 23 26 25
ventional studies with the network o <L
3) To make the study results available to the EU sl Corpi ! 2 8 ° +
Regulatory network to support decision-making = Very Complex 0 0 0 2 0

*As of 1 of October 2026

: ® . .
What is the DARWIN EU® process for conducting studies? \Total Feasibility requests and counts Y5: 48 requests ‘

Identify question that

Integrate within EU

NCA/EMA may impact re = i
o gulatory decision . - R k -
Committee committee decision making process E httDS .//da 'win-eu .OrQ/lndeX. DhD/StUdles 09 darW’n eu' org
NCA/EMA R @
uestions 5 ;
Committee . gvaluate feasibility | As conducted by Darwin EU® CC | (support integration/ :
i ! assessment)
‘ | L
Coordinating Centre . gre;?te prc[ltt:_coll o . gssfé\;t;t:ge;akt,aanalyse Z
* Apply analytical pipelines — > !
EEE:JEQLA) may be » Contact Data partners = Compile results in study — L . < . P % ™
g Manage study g teport ; Peter Rijnbeek Dani Prieto-Alhambra Katia Verhamme Carlos Diaz nat
Erasmus MC Erasmus MC, Erasmus MC Synapse Research Erasmus MC
m Oxford University Management Partners
" Send aggregated . . . . .
Data Partners fRcive o e data to the < Executive Director, Deputy Director, Deputy Director, Management Network Operations
Seneos o Coordination Technol Devel Study Operati Pillar Lead Pillar Lead
NCA/ EMA) databases i n echnology evelopment tudy Operations illar Lea illar Lea

Pillar Lead Pillar Lead Pillar Lead

OHDSIl.org 18 19 OHDSIl.org
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OHDSI Asia-Pacific

One of the most exciting developments over the last decade within our community
has been the spread of OHDSI throughout the Asia-Pacific (APAC) region. Annual
symposia have been held in Taiwan, Australia, Singapore and China, and the 2026

event will take place Nov. 13-15 at Yonsei University in Seoul, Korea.

The APAC community is engaged in multiple network studies, and it convenes
twice a month in our MS Teams environment for either a scientific forum or a
communnity call. Both veteran leaders and inspiring junior researchers are pushing
forward the OHDSI mission, and we continue to see new countries form — or are in
the process of forming — national nodes.

EHDEN Foundation Vision: The EHDEN e mam A ECR| ) i
Foundation aspires to be the trusted key (0~ Q" * | A S | - NS
actor in Europe to facilitate and accelerate

the generation of high-quality real-world e P SE N ey W Japan el feivan

evidence to improve healthcare of patients.

To implement its vision, the EHDEN Foundation will
maintain the EHDEN Catalogue and EHDEN
Academy, create research opportunities for multiple
stakeholders, execute federated studies and support
methodological and technical developments to

further expand and improve the Data Partner Network
in strong collaboration with the OHDSI community.

Nov. 13-15 - Yonsei Med. School « Seoul, Korea

- ~
2026 OHDSI
... APAC Symposium l

A www.ehden.eu

5, 2026

M2,

Data Landscaping Disease Epidemiology Neuroscience Study-a-thon
Feasibility Drug Utilisation Oncology Online Training
i i Oth On-site Trainin .
Study Design Drug Safety/Effectiveness er g www.ohds:.org/a pac2026

OHDSIl.org 20 21 OHDSIl.org
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Support The Journey

The OHDSI community comprises a global team of volunteers who collaborate
together using open-source tools and share best practices to support our shared
mission of generating real-world evidence that promotes better health decisions and

better care.
In order to foster growth in our community, the OHDSI Coordinating Center at
Columbia University has created a sponsorship program and an advisory board.
These programs allow both corporations and individuals to make meaningful
Africa Symposium * Nov. 10-12, 2025, Kampala, Uganda contributions in support of OHDSI’s central coordinating activities. Any amount of
support enhances both our community and our mission.
If you are interested, please reach out to sponsorship@ohdsi.org.

-~ e
e O IO S

Coordinating Center Support Advisory Board

* Provides central shared infrastructure and coordinates Columbia University recently created the
_ T 5 ' ; A = Ve community activities to enable collaborations that advance Advisory Board of Columbia OHDSI program.
N\ | B B ' e i 5 0% e A L OHDSI’s mission The goal of the OHDSI Advisory Board is to
Adam Bouras Agnes Kiragga DT . % o A SRR rr o IR + Leads Steering Workgroup to provide guidance and support to ensure OHDSI operates according to the
R s el enable the community to collaboratively generate evidence and the established values, vision, and mission. A seat
scientific work products necessary to generate evidence on this board costs $100,000 per year. These
+ Supports current OHDSI leaders (workgroups, regional funds are used to support costs associated
chapters, network studies, etc.) to achieve their objectives by with running OHDSI, including but not limited
communicating ongoing activities and successful accomplishments, to programming and knowledge engineering
encouraging participation and collaboration throughout the support for the OHDSI vocabulary, cloud service
community, and empowering future leaders management, data analytics, and the annual
+ Maintains infrastructure and provides support to connect OHDSI conference. OHDSI Advisory Board mem-
collaborators with collaboration opportunities bers advise on OHDSI planned activities including
+ Encourages more visitors to become collaborators vocabulary priorities, annual research initiatives,
* Provides open access to OHDSI evidence and work products, and tool development. We thank our current
including: Advisory Board member, Boehringer Ingelheim,
- Distributing standardized vocabularies as well as our past one, Amgen.
- Supporting open-sourge software with permis.sive Iicense§ If you are interested in learning more or
- Enc?our'aglng open sharing of study design and implementation in joining the board, please email George
- Maintaining open access to study results

Hripcsak: hripscak@columbia.edu.

4 Steward open N Enable ) /Facilitate methods\ /Encourage open\ /Foster collaboration\
community data open-source research & sharing & evidence & empower
standards development clinical applications dissemination community
- vocabularies - host servers to enable - host ATLAS - host OHDSI RShiny - host and fund annual
- OMOP CDM development and collaboration environment servers for open Global Symposium
- support adoption continuous tool testing - support Evidence sharing of results (more - maintain forums, MS
in large multi-center - GitHub repo support Network and ongoing than 230 RShiny Teams
" intiatives - support ATLAS demo network studies applications, including - facilitate weekly
“ i 0N A BNy @ y ad T NE PN e s () /s - foster external - create central - lead studies and LEGEND) community calls, website,
i Martulfi; Ju"; Sloclis 243 F JR] " © ' 2 Ry 1 : \collaborations (HL7) Y. \infrastructure Y. \develop tools Y. \-built results.ohdsi.org Y. \all other communicationsj
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OHDSI COLLABORATORS

Organizations Involved With OHDSI

OHDSI is a global community of collaborators. Many of the individuals

represent organizations who contribute to and benefit from their participation
in the OHDSI community. OHDSI is proud to collaborate with the more than
1600 organizations listed below, and looks forward to other organizations
joining the journey as well.

23andMe - 2Ca-Braga - 3iS * 3PH Alliance * 55 Degrees Digital Ltd *

B2l Healthcare « Bahia Software « Bahir dar University + Balkh
University Family of Medicine < Bambino Gesu Children’s Hospital « Bangabandhu Sheikh Mujib Medical University « Bangkok University « Baptist Health South
Florida « Bar llan « Barcelona Supercomputing Center + Baroda Medical College, India « Barts Cancer Institute + Barts Health NHS Trust « BAV Medical College,
Pune - Baxter « Bayer « Baylor College of Medicine « Baylor Foundation Uganda-Mulago Hospital < Baylor Scott and White Health « BC Platforms « BCB Medical
Oy - BCR - BDM Consulting « BehaTechs « Beijing Normal Hong Kong Baptist University « Beijing Safe House + Belgian Cancer Registry « Ben-Gurion University *
Bendigo Health - BGI Research « Bhumibol Adulyadej Hospital « Binghamton University « Biogen + Bioinformatics Institute « BIOMERIS - BioSci Consulting * BioT «
BioVana Research < BITAC MAP, SL - Black Swan Causal Labs - Blackford Analysis + Boehringer Ingelheim < Bonadt « Booz Allen Hamilton « Bordeaux Hospital *
Boston Medical Center + Boston University « Botswana Medicines Regulatory Authority « BRAC University « Bradford Teaching Hospitals NHS Foundation Trust «
Brazilian MOH -« Bristol-Myers Squibb « Bronx RHIO « Brown University « Bruce Consulting and Co « BSMU - Bucheon Hospital « Buddhimed Technologies *
Busitema University *
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D-Fine « Daccude * Daegu Catholic University Hospital « Daiichi Sankyo « Dana-Far-
ber Cancer Institute « Danish Medicines Agency  Danylo Halytsky LNMU + Dartmouth College + Dartmouth Health + DASA - Data Harmonise Ltd < Data InterOps -
DatadLife « Databricks « Datack Inc. « DataRiver S.r.l. » Datasus Ambulatory « Datavant - Dayananda Sagar University * dbTwin « De La Salle University « Debre
Berhan University Asrat Woldeyes Health Science Campus * Dedalus + Deepthinkhealth Inc + Defense Health Agency ¢ Delft University of Technology « Deloitte
Consulting LLP + Delta Dental - Democritus University of Thrace and Athena Research CEnter « Dentistree Dental Practice + DHC « DHD - Diaceutics « DICA «
DIGI/ITECH - Digital Diagnostics « Digital Health China Technologies * Digital Hive « Digital Scientists ¢ Digital Storms Intelligence ¢ Digulab Ltd. - DNAlytics *
DNAnexus « DNV - Doctors with Africa « Dongguk University « Dow University of Health Sciences « Dr. Sasa Nutrition & Fashion « DRG - Drug Safety Research
Unit »+ DS-ZOOFOOD Training Programme « Duke University * Duke-NUS Medical School *

Faculty of Pharmaceutical Medicine « Faculty of
Science, University of Lisbon « FairCuratorLtd « Fairview Health Services « FCC - Federal University do Vale do Sao Francisco « Federal university dutse « Federal
University of Santa Catarina + FeelBetter - FemTec Health « FHI 360 < FIBH120 - Fifth Affiliated Hospital of Sun Yat-sen University « FIIBAP « FinnGen * Finnish
Cancer Registry * Finnish Institute for Health and Welfare « Fiocruz « Fiona Stanley Hospital « First Databank « First Line Software « FISABIO-HSRP - Fisicaid *
FITec - Flatiron Health « Flinders University + Florida State University + FluidAl Medical « Fluminense Federal University » Fondazione IRCCS Ca’ Granda Ospedale
Maggiore Policlinico « Fondazione IRCCS Istituto Nazionale dei Tumori di Milano + Fondazione IRCCS lIstituto Neurologico Carlo Besta « Fondazione IRCCS
Policlinico San Matteo « Fondazione Poliambulanza + Fondazione Toscana Gabriele Monasterio « Formation Bio + Foundation for Advancing Science, Technology,
Education and Research (FASTER) « Foundry at Clarke international university « Fourier Intelligence « Fraunhofer Institute for Digital Medicine MEVIS - Fred
Hutchinson Cancer Center « Freenome + Frekil « Freyr Ltd < FRS « Fudan University « Fujitsu » Funcional Health Tech « Fundacao Jose Silveira « Fundacio Althaia *
Fundacio Institut + Fundacio Sant Joan de Deu * Fundacion Rioja Salud * FUS - Fusion Consulting Inc. « Future Wellness Group *

H20.ai - Hackensack Meridian Health « Hail University, College
of Pharmacy, and King Salman Specialist Hospital « Hainan Institute of Real World Data « Halimatu Musa Hospital « Hallym University -+ Hamad Medical Corpora-
tion Ambulance Service + Hanoi University of Industry « Hanover Medical School (Germany) * Hanyang University < Haramaya University - HARMONY Alliance
Foundation « Harrisburg University of Science and Technology « Harry Perkins Institute of Medical Research « Hartford HealthCare « Hartwig Medical Foundation «
Harvard Medical School « Harvard Pilgrim Health Care Institute « Harvey Walsh Ltd « Hasselt University < Hasso Plattner Institute < Haute Autorite de Sante « HCHE
+ HCSC - HDR UK - Health Compiler Inc + Health Data Hub (France) < Health Data Research UK « Health Informatics Centre (HIC) School of Medicine, University
of Dundee -+ Health Insurance Review and Assessment Service + Health Sciences Authority < Health Service Executive « Health Shared Services * Health Value
Alliance + Health-RI « Healthark « Healthcare consultancy group * Healthcare Innovation Catalysts « Healthcare Triangle Inc « Healthcore < HealthPartners -
HealthVerity < Hebei Mental Health Center « Heidelberg Institute of Global Health « Heliant Itd < Helix « Helmholtz Munich « Helsinki University Hospital (HUS) *
Helwan University » Hengrui Pharmacuetical - Hennepin Healthcare Research Institute « Henry Ford Health « Hierarchia D.O.O. On Behalf Of University Hospital
Centre Zagreb - Higher Institute for Scientific and Medical Research « Highmark « HIKE HEALTH - Hilltop Digital Lab « Himformatics + Hinge Health « HITLAB « HL7
+ HM Hospitals <+ HMAI « Holmusk « Holon Institute of Technology « Hope for Children’s Health Foundation « Hopital Universitaire de Bruxelles - Institut Jules Bordet
« Hospital Authority + Hospital da Luz Learning Health « Hospital del Mar « Hospital do Espirito Santo de Evora « Hospital for Sick Children « Hospital Israelita Albert
Einstein « Hospital Italiano de Buenos Aires < Hospital Sirio-Libanes « Hospital U. Fundacion Alcorcon « Hospital Universidad del Norte « Hospital Universitari de
Bellvitge « Hospital Universitario 12 de Octubre « Hospital Universitario La Paz « Hospital Universitario Virgen Macarena « Hospital Universiti Malaysia Sabah «
Houston Methodist + HSCNI « HSR.health « Hult International Business School « Humana + Humancentric Health Ecosystem « Humanitas Mirasole s.p.a. *
Humanized Health Consulting, LLC « Hyper Unison « Hypha * HZDR -

J. Craig Venter Institute + Jackson State University + Jacobi Medical Center « Jayne Koskinas Ted Giovanis Foundation « Jiangsu Province Hospital -
Jiangsu Second Chinese Medicine Hosital « JIBB Enterprises LLC « Johns Hopkins University « Johnson & Johnson - Joint Clinical Research Centre * Joint
Shantou International Eye Center, Shantou University & the Chinese University of Hong Kong « JSI + JSS Academy of Higher Education & Research, Mysuru *
JuliaHealth « Juntendo Uni SOM -
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OHDSI CoLLABORATORS

Organizations Involved With OHDSI

La Fe Research Institute « La Trobe University *

Labnetworx Health IT LLP  Lancashire & South Cumbria ICS + Lancashire Teaching Hospitals NHS Foundation Trust ¢ LBI Digital Health and Patient Safety < Lean

Business Services « Leap of Faith Technologies + Leeds Teaching Hospitals NHS Trust « Leiden University Medical Center « Leipzig University « Leukemia and
Lymphoma Society « LHS < LHSC - Life Supporting Technologies - Lifebit « LifeGift « Lifeline « LIH (Luxembourg) « Limics « LinkDoc « LMU Munich « Loma Linda
University « London School of Hygiene & Tropical Medicine « Los Angeles County Department of Health Services: Women’s Health Innovation « Loyola University
(NOLA) - Loyola University Chicago * LTS Computing LLC - Ludwig Boltzman Institute for Digital Health and Prevention « Lund University « Lundbeck « Lydia.ai *
LynxCare -

NACHC - Naikruah Analytics + Nanfang Hospital + Nanjing
Audit University « Nanjing Medical University « Nanyang Technological University « Naresuan University - NATGO DATA GROUP, INC - National and Kapodistrian
University of Athens « National Cancer Center « National Cancer Center Hospital East + National Coalition of Independent Scholars « National Health Insurance
Service llsan Hospital « National Heart Center Singapore « National Institute for Biotechnology and Genetic Engineering, PIEAS, Pakistan « National Institute for
Medical Research Development « National Institute for Public Health and the Environment + National Institute Health Research UK « National Institute of Develop-
ment Administration « National Institute of Public Health (Japan) « National Institutes of Health » National Marrow Donor Program « National Organization of Rare
Disorders + National University Health System « National University of Hospital (SG_NUH) + National University of Singapore * Nationwide Childrens Hospital *
Nature Africa «+ Navarrabiomed + Navigating Cancer + NC DDHS « NCQA « NEC SWS « Nemours Children’s Health + NeoGenomics + Nerevu Group + NESTcc *
Netherlands Cancer Institute « Netherlands Comprehensive Cancer Organisation (IKNL) « Network Health < Network.Bio « Neuro Monkey Solutions « New York
Genome Center » New York University - New Zealand Ministry of Health < NextGen Healthcare « NexusRWE + NHIRD + NHS (UK National Health Service) * NICE -
Nicklaus Children’s Health System - Nigerian Institute of Medical Research « Ninth Medical Center of Chinese PLA General Hospital « Nivel « NJ Department of
Health « NJIT « NMC Healthcare - NMSNDRC « Nnamdi Azikiwe University « NordicRWE « North-West University « Northeastern University « NorthShore University
HealthSystem « Northside Hospital « Northumbria Healthcare NHS Foundation Trust « Northwell Health « Northwestern University + Norton Healthcare « Norwegian
Center For E-health Research « Norwegian Directorate of e-health « Norwegian Institute of Public Health « Norwegian Red Cross « Nottingham Trent University *
Novartis * Novo Nordisk « Novogene « NovoHeal « NSW Agency for Clinical Innovation « NSW Health « NTNU « NTT DATA Portugal « Nuance Communications *
Nuffield Health (UK) « Nusantics « NVIDIA « NYC Health + Hospitals « NYU Langone Health -

P E P | Consultancy Limited « P.G.M.D. Consulting Srl » P95 « Palacky University, Olomouc, Czech Republic « Pareto Intelligence « Parexel
International « Paris Saclay Cancer Cluster (PSCC) « Parkland Health + Passion 2 Improve Sverige AB « Paxata + PBR Life Sciences < PCCI « Pedianet - PEDSnet
« Peking Union Medical College Hospital « Peking University « Pennsylvania State University « Peter MacCallum Cancer Centre « Pfizer - Pharmacovigilance
Program of India « PHARMDR PTE LTD « PHC-Medicom + PHI Digital Healthcare + Philipps-University of Marburg « Philips + Phitsanulok Provincial Public Health
Office « PhysioNet « PicnicHealth + Piedmont Athens Regional Hospital, Athens, Georgia * Plinth Analytics « Pontificia Universidad Catolica de Chile « Pontificia
Universidad Javeriana - Bogota, Colombia « PortoPiccolo Group « Portuguese Institute of Oncology of Porto « Practical Bl « Prealize Health « Precision Data -
Premier Healthcare « Presidio * Previously MARCs institute western Sydney University * Prince of Songkla University « Principia Health Sciences, Inc « PRISM
Initiative, PBC « Prisma Health « Promptly Health < Providence Global Center « Provincial Health Data Centre (Western Cape) < PSSJD - Public health agency *
PUCPR * Puhan and Puhan LLP - Pulse Infoframe « Purdue Global/Centene + Purdue University « PurpleLab « Pusan National University Hospital * Pusula
Software + Pwani University *

RAACAI - Radboud University Medical Center «

Rambam Health Care Campus < RCGP (UK) « Reading University < Red River College «+ REDCap Cloud * Regeneron * Regenstrief Institute < Region Hovedstaden
+ Region Ostergotland « Reliant Medical Group + RENCI « Republican Mental Health Center « Research Foundation at Suny Albany « Retina Consultants of
Alabama * Rhino Health « Rice University « RIE TRUST Office (Singapore) * Rigshospitalet + RIVM « Roche « Roivant « Rosebank College * Rostock University
Medical Center « Royal Children’s Hospital «+ Royal Surrey Hospital < RTI International « Ruijin Hospital, Shanghai Jiao Tong University School of Medicine « RUIYI
TECH, CHINA « Rumor.MI « Rush UMC - Rutgers University «+ Rwanda Biomedical Centre - Rwanda NCD Alliance + RWE CoE, Medical Affairs « RWJ Barnabas *
Ryan Health - RYTE.ai *
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Tachyhealth « Taibah University -
Taipei Medical University * Takeda « Talosix « Tampere University + Tampere University Hospital «+ Tan Tock Seng Hospital « Tarbiat Modares University * Tartu
University Hospital « Tata Consultancy Services « Technical University Sofia « Technological University Dublin « Tegria * Tehran University of Medical Sciences -
Teleflex « Temote Systems « Tempus Al « Terry Fox Research Institute - DHDP.ca « Texas A&M University « Texas Childrens Hospital + Texas Health Resources *
Texas State University « Texas Zephyr Research « TFS HealthScience * THE GUJARAT CANCER AND RESEARCH INSTITUTE - The Hyve « The Jackson
Laboratory « Thomas Jefferson University « Tianjin Anding Hospital « Tianjin Medical University * TietoEVRY - Tilburg University + Timformatie « Tokyo University «
Toppan Holdings Inc « Touro College of Pharmacy « TrakPop Inc. « TransCelerate Biopharma Inc. « tranSMART - Traverse Health « TRC « TrialSpark * TriNetX «
Trinidad Eye Hospital » Trio Health « Triomics * Tritonis inc + TU Dresden - Tufts Medical Center + Tufts University « Tulane University * Turnstone LTD « Tuva Health

Vall d’Hebron Hospital Campus * Value Chain Health « Vanderbilt
University « Vanderbilt University Medical Center « Varutis » VDH -+ Vector Institute « Ventech Solutions, Inc « Veracyte « Veradigm « Veramed - VeraTech for Health +
Verily Life Sciences * Vertex Pharmaceuticals «+ VHBHC Institute « Vianovation, LLC « VieCuri Medical Center « Vietnam National Children’s Hospital « Vinebean
Virginia Commonwealth University « Virginia Tech « VIRTUSA - Visionet * Vivante Health Software + Vivent Health « Vrije Universiteit Amsterdam «

X Boson « Xi'an
Jiaotong University * XuanWu Hospital « Zadapart-
ners « Zealand University Hospital « Zebra Health Net + ZEG Berlin GmbH « Zhejiang University « Zhejianglab * Ziekenhuis Oost-Limburg « Zipline « ZiteLab ApS -«
ZNA - Zoadigm + ZOL (Belgium) * ZS Associates
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Testimonials From The OHDSI Community ;

This is what | appreciate about OHDSI network studies and OHDSI’'s LEGEND
principles. We (1) always define (via a protocol) the analysis we are doing, and
(2) we do all analysis, and we report all analysis—regardless of whether a com-
parison is significant or not ... | think this type of transparency and reproducibility
is a step in the right direction for building more trustworthy clinical evidence.

Hsin Yi “Cindy” Chen ’
MD-PhD Student
Columbia University Department of Biomedical Informatics

OHDSI COLLABORATORS

What keeps me
motivated is the shared
mission of making real-
world data useful for
improving health, and the
fact that OHDSI has
created a truly global,
inclusive, and intellectu-
ally vibrant community.
It’s rare to find a network where clinicians,

(AR Sg  Beyond the technical framework, OHDSI also offers a strong foundation for
e 4 i stakeholder alignment. Its global use cases, publications, and collaborative
£~ model help us engage effectively with public institutions, private
15 organizations, policymakers, and researchers, creating a shared language
: across diverse stakeholders in the region.

Beyond the robustness of
its open-source tools and the
OMOP Common Data Model,
what truly resonated with me
was OHDSI’s community-
driven mission, rooted in open
science, transparency,

e Julio Oliveira
Founder and CEO,
Precision Data

Collaboration with the
global OHDSI
community provides
shared methods, tools,
and a collaborative
research framework that
helps us translate these
local realities into
internationally comparable research. In
practice, this means we use common study
designs, shared vocabularies, and
OHDSI tools, while we also contribute our
own experiences back to the community.

Ines Reinecke

Head of Research Area International
Secondary Data Use
Medical University of Lausitz — Carl Thiem

OHDSIl.org 28

A reproducibility, and global
coIIaboratlon The OHDSI community’s welcoming
and mentor-driven culture, bringing together
clinicians, researchers, data scientists, and
policymakers, stood out clearly.

Swetha Kiranmayi Jakkuva

Senior Manager, Healthcare Enabling Solutions
Global Value Web

29

epidemiologists, data scientists, and
informaticians work so seamlessly toward a
common goal.

Hua Xu

Professor, Dept of Biomedical Informatics
and Data Science

Associate Dean for Biomedical Informatics
Yale School of Medicine
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Data Standards

This Titan Award recognizes extraordinary
contributions by an individual, organization,
or team in development or evaluation in
community data standards, including OMOP
common data model and standardized
vocabularies

2024 - Vocabulary team (Alexander Davydov,
Odysseus Data Services; Vlad Korsik,

Odysseus Data Services; Anna Ostropolets,
Janssen Research and Development; Oleg Zhuk,
Odysseus Data Services)

2023 — Gowtham Rao and Azza Shoaibi, Janssen
Research and Development

2022 — Melanie Philofsky, Odysseus Data
Services

2021 — Maxim Moinat, The Hyve/Erasmus
University Medical Center

2020 - Clair Blacketer, Janssen Research and
Development

2019 - Oncology Workgroup (Michael Gurley,
Northwestern University; Rimma Belenkaya,
Memorial Sloan Kettering Cancer Center; Robert
Miller, Tufts CTSI)

2018 — Vocabulary team (Christian Reich, IQVIA;
Anna Ostropolets, Columbia University; Dmitry
Dymshyts, Odysseus Data Services)

OHDSIl.org

Methods Research

This Titan Award recognizes extraordinary
contributions by an individual, organization, or
team in development or evaluation in analytical
methods for clinical characterization,
population-level effect estimation, or patient-
level prediction

2024 — Linying Zhang, Washington University in
St. Louis

2023 — Jiayi (Jessie) Tong,

University of Pennsylvania

2022 — Fan Bu, University of California, Los
Angeles

2021 - Yong Chen, University of Pennsylvania
2020 — Nicolas Thurin,

Université de Bordeaux

2019 - Jenna Reps, Janssen Research and
Development

2018 — Martijn Schuemie, Janssen Research
and Development; Marc Suchard, University of
California, Los Angeles

| .
A\

:. \ 1 '_I-‘ |
Polina Talapova
2025 honoree

Joel Swerdel
2025 honoree

Clinical

Applications

This Titan Award recognizes extraordinary
contributions by an individual, organization,
or team in generating clinical evidence that
improves health by informing better health
decisions and better care

2025 — DARWIN EU Team, Erasmus MC
2024 - Cindy Cai, Johns Hopkins University;
Jack Janetzki, University of South Australia;
Jung Ho Kim, Yonsei University

2023 - Center for Surgical Science (led by
Ismail Gégenur)

2022 - Xintong Li, University of Oxford

2021 — Asieh Golozar, Odysseus Data Services
2020 - Jenny Lane, University of Oxford

2019 - Oxford Study-A-Thon (Dani Prieto-
Alhambra, University of Oxford; Edward Burn,
University of Oxford; Jamie Weaver, Johnson

& Johnson; Ross Williams, Erasmus MC)

2018 — Seng Chan You, Ajou University

OHDSI CoLLABORATORS

Open-Source
Development

This Titan Award recognizes
extraordinary contributions by an individ-
ual in design, development, testing, and
deployment of open-source software to
enable observational analyses

2024 — Martin Lavallee, Boehringer
Ingelheim

2023 — Katy Sadowski, Boehringer Ingelheim
2022 — Egqill Fridgeirsson, Erasmus MC;
James Gilbert, Johnson & Johnson

2021 — Adam Black, Odysseus Data
Services

2020 — Anthony Sena, Janssen Research
and Development

2019 - Pavel Grafkin, Odysseus Data Services
2018 — Christopher Knoll, Janssen
Research and Development

r... i , )

i.
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Aniek Markus
2025 honoree



OHDSI CoLLABORATORS
Community Community
Support Collaboration

This Titan Award recognizes an individual, This Titan Award recognizes an individual for
team, or organization for their contributions their collaborative spirit in helping their fellow
to ensuring the sustainability of the OHDSI community members reach their goals.
community.

2024 — Montse Camprubi, Synapse Research

|
Management Partners; Elisse Katzman, Columbia
University
2023 — Gyeol Song, IQVIA

2023 - Cynthia Sung, Bill & 2022 - Craig Sachson, Columbia University
Melinda Gates Medical : 2021 — Faaizah Arshad, UCLA; Ross Williams,
Research Institute o = Erasmus MC

-

2022 - Ajit Londhe, Boehringer LUNCERUCEEE 2020 — COVID-19 Support Team, Erasmus MC
Ingelheim S i 2019 — James - 7
2021 — Erica Voss, Johnson & Johnson Wiggins, Amazon e o\
2020 — Talita Duarte-Salles, IDIAPJGol Web Services > & : |
B l = ] l (

2024 - Natthawut “Max”
Adulyannukosol, University of
North Carolina

2019 — Andrew Williams, Tufts Medical Center 2018 — Lee Evans,
2018 — Kiristin Kostka, Deloitte; Mui Van Zandt, IQVIA LTS Computing : | )
LLC A 4

lise Vermeulen, photo of Lotte Geys,
Liesbet Peeters - 2025 honorees

Congrats to our 2026 nominees!

ASSURE team, David Bard, Robert Barrett, Clair Blacketer,
Rich Boyce, Danielle Boyce, Evanette Burrows, Cindy Cali,
Carrot and Bunny Team, Cindy Chen, Pascal Coorevits,
Data4Life, Scott Duvall, Noémie Elhadad, Lee Evans, Eye
Care and Vision Research WG, FastOMOP, Mornin Feng,
Davera Gabriel, Josh Gagne, Sarah Gasman, Lars
Halvorsen, Peter Hoffmann, Christian Hogberg, Michelle
Hribar, Jason Hsu, Ben llligens, Andrew Kanter, Elisse
Katzman, Masha Khitrun, Mack Kigada, Chungsoo Kim,
Chris Knoll, Haeun (Hannah) Lee, Gaeun Lee, Renske Los,
Benjamin Martin, Valentina Martufi, Mind Meets Machine,
Evan Minty, Karthik Natarajan, Bill O’'Brien, Sean O’Reilly,
OHDSI UK organizers, Julio Oliveria, Anna Ostropolets,
Woo Yeon (Jen) Park, Rowan Parry, Paul Petraro, Melanie
Philofsky, Hanieh Razzaghi, Jenna Reps, Harry Reyes
Nieva, Marti Sabate, Craig Sachson, Alexander Saelmans,
Martijn Schuemie, Sarah Seager, Anthony Sena, Cynthia
Sung, Jim Todd, Mui Van Zandt, Annelies Verbiest, Fleur
Vereijken, Katia Verhamme, lIse Vermeulen, David Vizcaya,
Tom White, Qi Yang, Seng Chan You, Bingyu Zhang

2025 - Greg Klebanov,
Odysseus Data Services

Gregory Klebanov
2025 honoree
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CoLLABORATIVE EVENTS & AcCTIVITIES CoLLABORATIVE EVENTS & ACTIVITIES
Oct. 11-13, 2018 - Bethesda, Md.

The OHDSI Symposium

There is nothing quite like an OHDSI symposium.
From events held in U.S., Canada, Latin America, Europe, Africa, Asia, or Australia,
our annual symposia are among the most anticipated events of the year. Plenary

talks, tutorials, workshops and the collaborator showcase create opportunties to
share research, learn from each other, and collaborate on future opportunities.

These events also allow our global community an opportunity to connect face-
to-face. Whether it is to share scientific breakthroughs, build massive Lego sets or
dance on stage together, each symposium brings our community together and sets
new paths for collaboration.

Oct. 20, 2015 - Washington, D.C.

o

REXERRNE
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CoLLABORATIVE EVENTS & ACTIVITIES CoLLABORATIVE EVENTS & AcCTIVITIES

2022 - Bethesda, Md. eth. Oct. 22-24, 2024 - New Brunswick, N.J. Dec. 4-8, 2024 - Singapore

Ve Wy . . — | | . ‘ . 2N b ) { - \
? " LSO LR = x | / = 4 » 3 i v f i

journey that will s
evidence-based m
healthcareinour! [

2022
OHDSI APAC SVMP?SIU
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CoLLABORATIVE EVENTS & ACTIVITIES CoLLABORATIVE EVENTS & AcCTIVITIES

Dec. 8-9 - Shanghai, China _ Apr.’2(I).‘-:2“.2, 2026 . Rottgrdam, Neth. 2026 G I O bal Sy m pos i u m

Wrnwoi
APACSymposhlmZﬂZE

The 12th annual Global Symposium, held Oct. 20-22 in New Brunswick,
N.J., welcomed collaborators around the world for our most community-

driven symposium ever. Eleven tutorials and three plenary sessions each
came from community suggestions, and our collaborator showcase featured
a record number of posters and demos. When available, all materials will be
posted on OHDSI.org/ohdsi2026.

i EM““I“!M'M“ Tutorials Conference Talks

WV LLWWIVILS 1WW 1W

OHDSI

APAC Symposium 2025
3 -

* An Introduction to the Journey from Data to
Evidence Using OHDSI - OHDSI Year In Review

* Bringing FAIR to Imaging Research with the
Medical Imaging OMOP Extension

* Plenary 2: Beyond the Defaults: How the

+ OHDSI Leadership Storytelling Workshop OHDSI Community is Adapting, Extending,

and Reimagining Its Tools

« Building and Using the OHDSI Evidence
Network: From Data Partner to Federated

Study Execution * Closing

The main conference will also feature:

APAC 2026 Canada 2026 India 2026 Europe 2027
* Integrating Geospatial Data Into OMOP CDM

Nov. 13-15 Nov. 17-18 Dec. 11 April 26 - two sessions of lightning talks

Yonsei University B Univ. of Toronto Pullman Hotel Finlandia Hall
Seoul, Korea Toronto, Ontario Chennai, India Helsinki, Finland

+ Using OMOP Model in Registry Context &
Clinical Trials Standardization Context:

Conventions, Past Use Cases, SDTM & + a Jam Session to end the evening!

HDSI.org/even
OHDSl.org/events Regulatory Consideration, Challenges
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CoLLABORATIVE EVENTs & ACTIVITIES

OHDSI Community Calls

The weekly OHDSI Community Call is where our global network comes together to
learn, collaborate, and connect. The calls, held each Tuesday at 11am ET, feature
community updates, discussions on key issues in observational health, presentations of

new research and open-source tools, and sharing of best practices across our network.
These interactive gatherings also provide a space to meet potential collaborators and
strengthen our collective mission of generating reliable evidence.
All calls are recorded and made available on both OHDSI.org and our YouTube
channel, ensuring the discussions remain accessible to our worldwide community.
This section highlights many of the topics covered over the past year, and we encourage
you to explore more about these dynamic conversations at

J

Week 1: Phenotype Development

How to get a ‘black box’ to reliably and
reproducibly Phenotype and do it better
than humans?

Gowtham Rao, MD, PhD
CEQ/Founder, CoReason Al

coreason J

) / March 24: OHDSI/OMOP Research Spotlight
. | Berta Cuyas _
. Lm I,:::; p,: :::?:::::; g;ﬂ:::z:;: survival of primary liver r.am:;r in the United Kingdom (2000-2021)
Update on the OHDSI Standardized Vocabularies % Cindy Cai _
03 March 2026 Kb .' Iir;d;ia.b.e‘ti.: T . i an OHDSI network study » BMJ Open Diabetes Research & Care
Matthew _Spotnitz ,

@ ‘;r:nds |r| inc;i;iem', T::ﬂfni;": su;vtvalkr-:f pnmary Ii;ler.:a:r;:erkir:the Ll.n.it.ed Kingdom (2000-2021)
\ ) L A * European Journal of Public Heale
( Phenotype Aphril: N ( B

MEDS & OHDSI

Matthew McDermott

mattmcdermott8&gmail . com

¥. MEDS

\ A https://medical-event-data-standard.github.io/

\.

£ June 2: LLM Research in the OHDSI Community

‘i . .
Martijn Schuemie
Intro to OHDSI research in LLMSs, Gendl WG updates

&% Anna Ostropolets
Iohnso wersity
Ariadne: Automated vocabulary mappings using Al (with Martijn Schuemie)

"y | Dmytry Dymshyts
"L LLM-Based Classification of 1CD-10-CM to SNOMED Mappings for Impraved Semantic Fidelity in OHDSI

E”"‘I Roger Carlson

ACQIRE: Extending the OMOP Lifecycle

June 9: LLM Research in the OHDSI Community

b
@ Niko Moeller-Grell
FastOMOP - multi apent cohart creation

n the PhenotypeR R package

n Joel Swerdel
Phenelope - tool for developing concept sets using LLM

;6 Jared Houghtaling
L on
N LLM-Based Phenotype Refinement via CAPR
P Adam Johnson

¥ ki

3

g Using Synthetic Data and Claude Code to Develop Transportable Analytic Code
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CoLLABORATIVE EVENTS & ACTIVITIES

June 30: OHDSI/OMOP Research Spotlight

Brenda Yankam

Evaluating the impact of OMOP-CDM on data quality insight generatian
In respiratory disease management (Frontiers in Big Data)

Chungsoo Kim

Real-world evids for comparative safety of second-line antihyperglycemic agents
in older adults with type 2 diabetes (Nature Communications)

Fleur Vereijken

Loss function influence on hyperparameter optimization for observational healthcare prediction models (JAMIA)

(- )

ATLAS 3.0 Preview

What's new in Atlas 3.0 & WebAPI 3.0

Peter Haffmann

2026 OHDSI APAC Regional Updates

QHDSI APAC Community Leads

"""""""""""""""""""""""""""" hoffmann @chdsi.org
09 July 2026
Eﬁﬁjl;ﬁf;ﬁréz;ﬂ;r;};msim Data Fitness Assessment \ )
( N\ [ )
What do you mean?
Why reliable real-world evidence requires Oncology Research Spotlight:
precise real-world clinical definitions Advancing Cancer Care in OHDSI
. OHDSI Community Meeting
Patrick Ryan, PhD
Johnson & Johnson 11 August 2026
Columbia University

7 . J
( )

Medical Imaging in OHDSI:
From Standardization to Multimodal Evidence

Paul Nagy, Jen Park, Kyulee Jeon
September 8th, 2026

\_

OMOP CDM v5.5

What’s new, should you upgrade, and what's changing in the COM
documentation

Afocusad, additive updata ta v5.4 built from real-world community
use cases.

DHDSI Commen Data Model Werking Group

Bresanted by: Clair Blacketar, Melane Bhiofsig Masim Maina:

Community Debate: Is Al helping or
hurting our journey to reliable evidence?

Patrick Ryan, PhD
Vice President, Observational Health Data Analytics, Janssen
Research and Development

Assistant Professor, Adjunct, Department of Biomedical
Informatics, Columbia University Medical Center
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OLLABORATIVE EVENTS & ACTIVITIES
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0 FAN gg}ft—hgn in ntwp, Belgium, whh ocusd on bder cancer S :- : : E d u c at I o n a I
OHDSI Studyathons & Other Events
OHDSI continues to redefine what is possible in collaborative healthcare research.

Across the globe, OHDSI studyathons unite diverse, passionate teams around
urgent clinical questions. Over an intense, fun-filled few days, collaborators design
protocols, execute network analyses across disparate data sources, and synthesize
meaningful findings in real time.

Globally, our community has tackled e T S .

What's the \ i N e %
Researchers question? Minimum of - — ;| Post-event
2:3months In

critical challenges across a wide spec- oo Wardste | st

Saaturs c7 Leadershipand workwillbe

Dala Scientists

“arganising completed

trum of health topics —including or- amn | e[ oo

Data Partners. amiksiets 29 "

thopedic surgery, rheumatoid arthritis, s [

colorectal cancer, cardiovascular pre- Ot

Critical Project
Management

diction, prostate cancer, and COVID-19. e

Each event is a vivid reminder that what bpeolll

COM-mepped Sub-teams

feels unimaginable in isolation becomes e —

achievable together, proving time and Outline flow of a study-a-thon. Graphic was shared in “Evaluating
a novel approach to stimulate open science collaborations: a case

again the transformative power of a multi- series of “study-a-thon” events within the OHDSI and European IMI

- T . communities” « Jamia Open, Volume 5, Issue 4, December 2022,
disciplinary, global community. 00ac100, https://doi.org/10.1093/jamiaopen/ooac100.

Organising:

e \‘ i 4 { . -‘ 7 -‘:‘ 3 k LN
2025 Finland Studyathon: Exploring the Real-World Treatment Landscape of mNSCLC
TR E N A

OHDSIl.org 42 ney OHDSIl.org




EpucATiIONAL RESOURCES

Educational Resources

How do | learn more about OMOP, OHDSI tools, methods or best practices?
That is a very common question for those both starting their journey and those
who have been traveling with OHDSI for years. There is always something new to

learn, and there are always plenty who are willing to teach. OHDSI has a plethora
of community-developed learning resources that we will share in this section.
On these pages, we will highlight the many tutorial options that have taken

place around the world, including OHDSI tutorials, the

EHDEN Academy, the Book

of OHDSI, and the OHDSI Summer School held at Columbia University.

Tutorials

Education is at the heart of OHDSI’s mission, and tutorials
showcase the community’s commitment to sharing knowledge.
Developed and taught by OHDSI faculty, they highlight tools,
standards, and best practices that empower collaborators at every
level to engage in open science and generate reliable evidence.

The OHDSI community has hosted numerous tutorials at our
annual symposia, as well as online during community calls and
other sessions. These tutorials remain available on our YouTube
page ( ), they can also be found on our
OHDSI Tutorials homepage ( ).

This page includes all tutorials from the Global/USA symposia
dating back to 2016, as well as the 2023 SOS Challenge tutorials,
which focused on the full process of leading a network study.

2026 Global
Symposium Tutorials

OHDSIl.org 44

EHDEN Academy
Student Map

-

& ohdsi.org/tutorials
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EpucATiIONAL RESOURCES

Current EHDEN

Academy Courses

+ Getting Started

+ EHDEN Foundation

+ Patient Organisations: Introduction to Real
World Data & Real World Research

+ OMOP CDM and Standardised Vocabularies

« ATLAS

* Infrastructure

» Extract, Tranform, Load

* 10-Minute Tutorial: PheValuator

* 10-Minute Tutorial: ATHENA

+ Introduction to Usagi & Code Mappings for
an ETL

+ OHDSI-in-a-Box

+ ETL Learning Pathway: Data Partner & SME
Real World Use Cases

» Open Science & FAIR Principles

* Introduction to Data Quality

+ Phenotype Definition, Characterisation and
Evaluation

* Population-level Effect Estimation

+ Patient-level Prediction

* R for Patient-level Prediction

« Applied Cost-Effectiveness Modeling with R

* Assessing healthcare using outcomes that
matter to patients

+ Creating Cohort Definition
(OHDSI 2022 Tutorial)

+ OMOP Common Data Model/Vocabulary
(OHDSI 2022 Tutorial)

» The Phenotyping Problem (1-hour session)

+ Health Technology Assessment

& academy.ehden.eu

OHDSIl.org
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The Book of OHDSI

Published in 2019, the Book of OHDSI ( )
aims to be a central knowledge repository for OHDSI, and
it focuses on describing the OHDSI community, OHDSI data
standards, and OHDSI tools.

It is intended for both OHDSI newcomers and veterans
alike, and aims to be practical, providing the necessary theory
and subsequent instructions on how to design and implement
research yourself.

You will learn about the OMOP common data model
and standard vocabularies, and how they can be used to
standardize an observational healthcare database. You
will learn about three analytic use cases for these data:
characterization, population-level estimation, and patient-
level prediction. You will read about OHDSI’s open-source f .
tools and how they can be applied to your data and how [y e 2 R 11 V07
you can design and implement your own analyses following ReIgeli[sE R ENC e ul Rt N L L)
T:_‘ = i M | == OHDSI’s best Rl ClMIglifele[I[e=ToRis-Nelolol &: 1811

2019 U.S. Symposium.

practices.

Chapters on data quality, clinical validity, software
validity, and method validity will explain how to
establish the quality of the generated evidence. Lastly,
you will learn how to use the OHDSI tools to execute
these studies in a distributed research network.

ted The Book of OHDSI is available for free online in
English, Korean and Chinese, and can also be
purchased through Amazon (all links on OHDSI.org).

Thank You To Our Book of OHDSI Contributors

Members of the OHDSI community cbllal;ora
on documentation efforts for the Book of OHDSI
at Case Western Reserve Univ. in Cleveland.
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Join Us at the 2027 OHDSI Summer
School at Columbia University

The third annual Columbia OHDSI Summer School (July 12-16, 2027) will offer health
professionals, researchers, and industry practitioners an immersive, hands-on
introduction to working with real-world health data and generating real-world evidence
(RWE). Participants will learn how to transform electronic health records and claims
data into the OMOP Common Data Model to support collaborative, distributed research.

Our Faculty

+ Explore three analytic use cases:
- Clinical characterization — describing disease natural history and treatment patterns
- Population-level estimation — assessing drug safety and comparative effectiveness
- Patient-level prediction — applying machine learning for early detection and precision
medicine
+ Work through the full RWE study lifecycle: study design, use of OHDSI open-source tools
(ATLAS, HADES), and execution across real-world datasets
+ Blend of foundational lectures, interactive exercises, and faculty-led group work
+ Dedicated time to develop your own study ideas with mentoring and feedback

Data
Standards

Ideal for clinicians, data scientists, statisticians, epidemiologists, informaticians, health policy

researchers, and professionals from academia, healthcare, industry, and government. No

programming experience required. Standardized health system Standardized
Eerson | health economics
-I Observation_period I I Location I I Cost !q
“This was a great hands-on experience with a very specific and useful set of tools. It took what >| Death I I Care site l I —— I‘
initially felt like a daunting process of self-discovery and turned it into something | now feel confident — ayer_p’an_perio
I can work through. Even if | cannot complete every step immediately on my own, | now have a fl___Vvisit_occurrence I } Provider I

clear understanding of what is required to get a project like this done on the OHDSI network.” Standardized

¥ Visit_detail

Y T S Y
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l Note NLP )
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metadata

>{ Episode
J Cnarimen | ! Episode event I
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- Aziz Alkattan, Assistant Professor of Biomedical Informatics, Columbia University I Standardized vocabularies derived elements
b >| Condition_occurrence I [ Concept i . .
“This week was an excellent learning experience. | gained hands-on experience with the 3 ' - i Condition_era
OHDSI ecosystem, particularly the OMOP Common Data Model and ATLAS, and learned how - bi DNLIB._SNHUEGIE I | Vocabulary I { Drug_era
these tools support standardized observational research and reproducible analytics. The -§ ,{ Procedure occurrence l -
training has broadened my perspective on using real-world data for epidemiologic studies and = I Domain I I Dose_era
will directly enhance my research on cardiovascular disease, genomics, and precision medicine. o > Device_exposure I
| also greatly valued the opportunity to connect with researchers from diverse backgrounds and o I Concept_class l Results schema
become part of the collaborative OHDSI community.” = i ERSLE ST E : | Cohort I-
- Mohammad Shahriar, Senior Research Analyst, The University of Chicago = ,{ Observation [ I S I I
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Register/Learn More: OHDSI Summer School at Columbia University
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DATA STANDARDS

DATA STANDARDS

OMOP Common Data Model

The Observational Medical Outcomes Partnership (OMOP) Common Data

42 tables 445 fields

Model (CDM) is an open community data standard, designed to standardize
the structure and content of observational data and to enable efficient
analyses that can produce reliable evidence.

OMOP Common Data Model v5.5

1 Open Community Data Standard
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. y Care_site L arovider_id Nt < vabue_as_concept_id INT il e episade_parent id LS >
community, and I’'m kil —— s m > e o e o o ey i
3y domaln_name VARCHAR care_site_name WARCHAR alalt pcourrance i T + st detall_id (L3 el —& quabdier_concept_id INT cost_domain_id VAREEAR ;_,r b "f;l:pundu_ohmct_mmuut i INT
¢ domain_rancept_id T e place_of_service_concept_id w1 T — i drug_source_value WARCHAR =€ unit_concept_id INT & cost_tyae_conceps_id T —“epsode_type_concept_id InT
. 1 locaticn_id N7 L R wr < drug_source_concept_id Nt ~I™Eprovider_la NT < currency_concept_id it  Nphie. s RSl WARCHAR
ro u d th at Ou r O e n m care_site_source_walue WARCHAR VISl ARart dit CATE route_scurce_value WARCHAR wisht_oocurrence,jid INT ST total_charge FLBAT —< episode_saurce_concept id L
< concept_id INT Ty G T ety BAYEFAE dose_unit_source_walue NARCHAR wisit_detall_id INT > total_cost FLOAT
concept_symonym_name VARCHAR Eh o BATE : abservatian_source value VARCHAR total_paid FLoAT
. € anguage_cancept_id NT it et AtEAE rocedure_gcrurrence - - observatian_source_cancept W INT R
commun |ty d at a Posioyonmiver o ey ok i ke VakEuaR e prsien i
L€ priidar_id fies " persan_id T —funit_source_concept_bd INT pakd_patient_copay FLOAT = ppisnde_swent_field_concept_id INT
= ancestor,_concent |d Ll care_site_jd WT 1 < pro<edure_concept_id INT quakdiér_saurce_value SRS paid_patient_coinsurance FLOAT
- descendant_concept_id T vult:snnr_:zﬁnlw VARCHAR procedurs_date DaTE value_source_value VARCHAR pald_patins_deductible FLOAT
Sta n d a rd h aS be e n SO min_levels_af_separation NT ~& visit_source_concept_id piife arocedure_datetime DATETIME % value_as_source_concept_id INT pald_ty_premary FLOAT T E— o=
max_levels_of_separatian T — admitted_from_concept_id T procecure_end_date DATE observatian_event_id INT pald_ingredient_cost FLOAT mhlm‘_m - it
= county WARCHAR admitted_from_source_value  VARCHAR rocedure_end_datetime DATETIME “abs_event_fiekd, conceat_id L pald_dispensing_fee FLOAT cohart_start_date DaTE
L] Hrishiraz location_source_alue VARCHAR ¢ discharged_to_canceat_id ™ - procedure_type_conceat_id INT nayer_plan_period_id INT vt whd et DATE
W I d e I y ad O pted a n d SO <€ concept_id_1 INT ~ country_canceat_id Nt diecharged_to_ssurce_value VARCHAR — modifier_cancegt_id Nt amaount_allawed FLOAT G
€ concept_id_2 INT country_source alue WARCHAR preceding,vish_occurrence id BT > quanitity T prrr — revenue_cade_concept_id INT
relationship_id VARCHAR 3 fatitude FLOAT W provider_id 15 f person_id INT revenue_code_source_walue VARCHAR
L walld_start_date DATE longitud FLOAT Wisit_detall = wisit_accurrence,_id nNT F € specimen_concept_id INT W - Nt S ioxintl il Tt
i wruse i L= = = : il - cahart_dedinition_name VARCHAR
eX e n S Ive y u Se O walld_end_date DATE e T S wisit,_detall_id INT 1 & spocimen_type_toncept_id INT drg_saurce_valse VARCHAR mmrt‘dmmlm'ummlm CARELAL
imvalid_reason VARCHAR = NG person_id e procedure_scurce_valua VARCHAR soecimen_date DATE B i it
g i v de coneep s “Carocscure_souce_soncept N7 ottt S e iet wanchan
T INT visit_dietail_start_data BiTE modifier_source_walue WARCHAR quantity FLOAT i WP i, -I:'m i
g e n e ra e re I a e —€ metadata_concept_|d 1T Vhlk_detal_start_datatime BRI £ unit_concept_i INT L oruan_ud e TS e
relationship_name VARCHAR —< metadata_type_concept_id It visit_detail_and_dars DATE anatomic_site_concept_id i payer_plan_poriod_start_dte DATE - -
. &_hirarchical VARCHAR name: WARCHAR wisit_detail_end_datatime DATETIME deslce prpoure id Nt ~ dsease,_status_cancept_id il payer_plan_period_end_date DATE
b} ) defines_ancestry VARCHAR value_as_string WARCHAR € visit_detail_type concapt i BT L et persan_id NT specimen_source,_id VARCHAR W R R i
eVI e n Ce . reverse_relatianship_kd VARCHAR D € ualue_as_concept_id INT LN previder_id e — device_cancegt_id T specimen_source_value VARCHAR oo e VAREHAR
=€ relationship_concept_id T value_as_number FLOAT care_sie_d T e device_ewposure_start_date BATE unit_source_value VARCHAR € payar_saisce._contept.id T
matadata_date DaTE wisit_detail_source vake VARCHAR device_exposure_start_datefime  DATETIME anatamic_site_source_walue VARCHAR € plan_concept id ineT
| Concey [ metadata_datetime DATETIME € yicit_detal_source_concept i T dovice_swposure_end_date OATE duaze_status_saurce_value AR plan_source_value VARZHAR
=€ concept_id_1 INT . 4.:me_!Tm_cn;nep|_|u T dewice pxposure_end_dateteme DATETIME visit_ocourrence_id Ll Fal b & plan_spurce_cancept_id NT
- € cancopt_id_3 INT admitted_from_source walue  VARCHAR = dovice_tyne_concept_id T visit_detadl_id Ll > < spanzar_concept_|d &T
relationship_id VARCHAR O cdm_sounce_name VARCHAR discharged. to_source_value  VARCHAR unique._desice_id VARCHAR spansar_saurce_value VARCHAR
- Clair Blacketer vy e e e - oo o e
relatianship_group INT cdm_halder VARCHAR preseding_visa_detall_id [his o i Bl ‘quanitity T = gamain_concept |4 1 INT family_source_value WARCHAR Clinkcal data tables
. magping. saurce WARCHAR saurce_description WARCHAR parent_visit_detall_id T ST L provider_id Nt fact_id 1 T < stap,_reasan_concept_id Nt Haabth ‘data tabie
confidence FLOAT source_documentation_refenence VARCHAR wislt_oecurrence_id mr S wisit_accurrence_id INT ™ =+ damain_conrept_id 2 INT stop_reasan_source_value VARCHAR ¥ .
2020 Tltan A Ward maaping_tocl VARCHAR cdm_etl_reference VARCHAR = wisit_detall_id INT > fact_id_3 1M1 R g e F Hnakln !w:ﬂmi: data tables
mapper VARCHAR source_release_date DATE device_source_value WARCHAR ~& rolationship_concegt_id INT derived alements
reviewer WVARCHAR citm_refease_identifier VARCHAR o’ < device_source_concept_id T
for Data Standards R — e —
cim_verskan VARCHAR unit_sdurce_value VARCHAR
€ concept_id T —cdm_versian_concept_id INT = uniz_saurce_concept_id Nt
; ’ cancept_categany VARCHAR vocabulary_version VAREHAR ] .y A
recipien t o s g
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OMOP Data Sources Around The World

The foundation of OHDSI’s mission is the OMOP Common Data Model, which harmonizes disparate observational health data to enable reproducible, reliable evidence generation
worldwide. What began as a collaborative effort across a handful of institutions has expanded into a truly international standard, with 1.01 billion person records from more than 650

databases mapped across nearly 130 countries. This global footprint reflects not only the widespread adoption of the OMOP CDM, but also the dedication of a worldwide community

working to break down data silos and improve patient care across every corner of the globe.
True generalizability in health research demands diverse global perspectives; capturing heterogeneous patient populations, practice variations, and health systems across
continents is essential to generating evidence that can be trusted everywhere. As our international network continues to expand, each new database integrated into the OMOP eco-

system strengthens our collective ability to answer pressing clinical questions with unprecedented depth and confidence.

OMOP CDM adoption: number of databases per country

651 databases across 129 countries (white = none identified)

'-_::?. gw,f —— % B o

OMOP CDM .
databases
10+

gl

4
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OHDSI Evidence Network

The OMOP Common Data Model enables observational health databases around
the world to use a common structure and vocabulary. The OHDSI Evidence Network
builds on this foundation by connecting researchers with participating data partners
to collaboratively generate reliable real-world evidence.

The Evidence Network is an open, federated network: patient-level data remain with
each data partner, and organizations maintain local governance and choose which
studies to participate in. Researchers can work across multiple data sources using

shared study packages, standardized diagnostics, and common approaches to exe-

cution and results review.

We are proud of the data partners who have joined the Evidence Network, but we
are excited to grow. If you want to join this group dedicated the improving healthcare
globally, please reach out to evidencenetwork@ohdsi.org.

'DATA PARTNERS
(institutions)

 DATA SOURCES
[database:s}

HOW THE EVIDENCE NEI'WOHK WORKS

Two ways to participate. A shared path to real-world evidence.

FOR

STUDY Q

LEADS

Bring a research  Define
question to the research
network.

%

Standardized
study packages

FOR
DATA
PARTNERS

Make your data  Jain the
source available  patwark
for research.

(L

OHDSIl.org

> iah

—>¢-—}|i—>.

Assess Identify Execute Synthesize
feasibllity potential study resu!ts evidence
data partners
< J
Aggregate
EVIDENCE results only
NETWORK =)
Collaborative evidence generation I.II.I. — a
- e
= =
eBe = ]
al - /& - > L) > B
Characterize Review Optinto Execute Return
your data opportunities studies locally results
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Standardized study package

{§} EXECUTE RELIABLY

Common study packages, submission
processes, and QA/QC support consistent
execution across participating data partners,

Protocol and analysis plan

@, Cohortandoutcome definitions |
i@ (s |

Analysis code and configuration

Execution instructions ‘

|  Resuit schema and checks

Execution and QA/QC ‘

Run standardized package locally |

Complete automated checks
Review diagnostics and results
Iterate and rerun if needed

s Submit aggregated results

:Q'- BUILD ON WHAT WE LEARN

Protocols, study results, and other reusable
artifacts improve transparency, reproducibility,
and support future network studies.

Publicly available artifacts
{on OHDSI GitHub)
Protocol summaries

; ®. Cohort and outcome definitions
B (a5

Ill I Aggregate study results

- st pack and code
e

L1 Methods and lessons leamed

Published network studies

Results from Evidence Network
studies are publicly available
in the scientific literature.

Have OMOP-standardized data?
Join the Evidence Network to make your
data source discoverable for appropriate
research opportunities while maintaining
lecal governance and control.
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France . 2

Japan . 2

United Kingdom [l 2
Australia [J 1
Belgium [J 1
Brazil [ 1
Germany I 1
Greece ] 1
Hungary I 1
serbia I 1
singapore [ 1
spain ] 1

Taiwan . 1

Participating data sources (by country)

United States _ 27
Korea [N *

T
0

r T 1
10 20 30
Nurber of data sources

@ UNDERSTAND THE DATA

Standardized approaches help researchers
understand available populations and data,
and assess fitness for purpose.

Participating data sources (by data type)

Other

f=]

er [ 3
Claims \_ ] 10 |
2

10 20 30 40
Number of data sources

[ ) o Have a research question?

.‘ The Evidence Network can help identify
appropriate data sources and connect

you with data partners to conduct
collaborative network research.

OHDSIl.org



DATA STANDARDS Our Journey 2026 Our Journey 2026 DATA STANDARDS

OHDSI Standardized Vocabularies

as of August 2026 release

+ 89,619,972 concept relationships
- 102,759,647 ancestral relationships
* 6,355,059 concept synonyms

The OHDSI vocabularies allow organization and standardization of medical terms to be .
used across the various clinical domains of the OMOP common data model, and enables 12,070,327 concepts
standardized analytics that leverage the knowledge base when constructing exposure and

+ 3,750,113 standard concepts

o - ) + 1,044,978 classification concepts
outcome phenotypes and other features within characterization, population-level effect

estimation, and patient-level prediction studies. - 148 vocabularies
You can download the OHDSI Standardized Vocabularies at : « 43 domains

This network diagram shows the relationships Want to learn more about the
between vocabularies. Nodes are vocabularies, OHDSI vocabularies?

sized by the number of concepts. Edges show
connections between concepts within vocabularies.

RxNorm Extension ' — Thank you to Andy South for this graphic.
F

~ead: book.ohdsi.org
Jownload: athena.ohdsi.org
_carn: academy.ehden.edu

ICD9ProC

. RXND HemOnc
dm xNorm sion

OMOP Extension

HES Spetialty |cpgpfoc dm. RxNi e
& ATC
Nebraska Lexicon | iICD10CM Type Concept ucum S HemOnt
° XN
| CIViC HCPCS ED
| | | ; Race
! = 5 I Cancer Modifier
! ‘ NCCD | —I_ d e i OMQg Genomic OMoP .omic Re Cancer Modifier
N IcDo%
RxNorm _! o | § | ! & o Speualw uK¥Biobank 8 Qxmis _
‘ GER | o EDI - INCAICT &DOS Cancer Modifier
| o | i = SNUM ED OMOP Genomic CMS Place of Service OMOP Exténsion
] KDC nl | —— LOING Nuce Ncit OncoTree
| | VanmF Visit &INC

UK Biobank

e Vi'm S ittt |
‘ EDI | soeu ‘.JHE* GP! _ _ . . '— o UK Biobank e
MISC] | [SBT = A T 7

DA_ FFEHCG Gemscript | Muttilex | NDFF'T

. classification . non-standard . standard

“OHDSI Vocabularies are built by the community, for the community. What began as a simple set of
terminologies is now a network of vocabularies, crosswalks, and hierarchies that makes research

rm,;.m|_ T e | across institutions and countries possible. This ecosystem is a community effort,
LOINC ' ' B and it only moves forward with community input. New use cases driving methods
' research, new vocabularies and mappings contributed by members, and
collective review of existing mappings are what keep it accurate and relevant.
Bring your vocabularies and your concepts.We’ll support you with LLM-assisted
and knowledge engineering tools to make contributing easier.”

SNOMED

RxMorm Extension SNOMED SNOMED

Metwamka Lesdicon

This treemap shows all concepts in the OHDSI vocabularies, organized by domain - Anna Ostropolets
(color) and vocabularies (boxes sized by the number of concepts). Vocabulary WG Lead, 2018 Titan Award recipient for Data Standards
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Vocabularies Improvement Initiative

Continuous improvement of our standardized vocabularies has been a community

=100 MO Cimetiding 0.4 MGMO Oral Granules [Cimetiparl] Box of T by Suwad™

Amribates Deasl
o E] == =] G E==]

ICD9-PracATC
il

effort over the last year. Recent focuses have included contributions, versioning,
and building a roadmap with emphasis on vocabularies most commonly used.

We thank our Vocabulary Team for its leadership in this journey. Learn more about
recent developments on these pages.

AMIA Annual Symposium
Real-World Use of Controlled Terminologies, Proceedings Archive A Mi A
Ontologies, and Vocabularies for Evidence

T h a n k YO u : VO c a b u I a ry Te a m ! Generation Across a Large International ey i

Observational Nettvork: Challenges and Lessons T T ————
Learned From a Mixed Method Study Harmonization in Observational Drug Research

" q A , 3
 Tans euskaya® @; Aleh #hak® @,

sy #nna g 15 %<, Aleh Fhuk *, Eduaed Koechmar *, Pamick Byan ', Christian Reich ®
. Ch aeich® @
= » Autharinformation » Article notes  Copyright and Licensa information
- FMCID: PMC12919553 PMID: 41726498
Drug heterogeneity across the globe remains a
We looked at how vocabularies are used challenge for network research. We describe

Ty across the OHDSI Network and talked to the RxMorm Extension - our deterministic solution
; : : . s e community to identify the pain points, which to drug harmonization for international markets
Masha Polina Anna Oleg Aliaksei Denys Miroslav manifested in a continuous improvement plan, - adopted in 2018. It is used widely but we need

Khitrun Talapova Ostropolets Zhuk Katyshou Kaduk Domansky s This paper describes heterogeneity we found in i

code utilization, needs of the community and We have LLM solutions to help you prepare the

how we have been jointly addressing them. yey e R vocabulary for harmonization.
Maria Vlad Mikita Dmytro Varvara Alex Tetiana S G el
4 L = M Imple contribution pipeline
Rogozhkina Korsik Salavei Dymshyts Savitskaya Davydov Orlova v e

ﬂ Since the launch of community contributions in Learn how you can
|:> | E> _] || E> M 2023 we received the average of 6 contributions contribute to the
— (addition of new concepts and mappings, change of =
D — % mappings and domains) per release. OHDSI standardized
This year, we built validation templates that allow vocabularies!

users to cross-check the submissions against
quality checks we perform internally.

Issue on Template with Suh_mission Release
GitHub metadata + Review
validation

We are implementing Ariadne —an

( open-source LLM-assisted tool to [ Sl taiCones 4 m 2 o @@+ [ Ml i Corente ¢ m A

/(.F"_ Source ICD10 Term map terms and create hierarchies A e e 1 7 . . e
7

Q b ¢ ®FT VR~ 5 WS W e
within the OHDSI Vocabularies.

ARIADNE Current work includes procedures,
No mapping . drugs and_ co .r‘.c[itéom_;. For conditions, ) @ :
found Mapping found accuracy is 94% against gold- oy ST ; : : i
P standard and community-developed ‘ - :

mapping rules and assumptions.

4

Generalizability testing for 10k A lot of vocabulary enhancement was initiated by the community through
randomly selected 10k showed 2% complex community contributions:

error rate. 500+ mappings were

1 incorporated into August 26 release.
Place in SNOMED  JAg — — NAACCR; semantic deduplication)
Hierarchy :hizrarchy mepping i + Expansion for disease areas (veterinary science, ophthalmology, wearable devices)
" : We continue to use Alathea to « Expansion for APAC and LMIC (EDI and CIEL refresh)

Community assess vocabulary changes on « Support for rare diseases (addition of Mondo, Orphanet and HPO)
Feedback concept sets used in RBWE generation
—

for pre-release QC.

« Harmonization of oncology-related content (refresh of Cancer Modifier, OMOP Genomic,

Key enablers included:

+ Shared development environment available to contributors (vocabulary server)
" + Work with SNOMED and LOINC to add new concepts to their content

« Work on conventions for poorly harmonized spaces

Loop
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Themis Conventions

The goal of the Themis workgroup is to guide the OHDSI community on
how to accurately insert data into the OMOP CDM in cases of ambiguity.
After important breakthroughous over the last few years, our work continues.

The Themis workgroup remains actively engaged in reviewing issues, discussing
proposals, and adjudicating conventions. This ongoing effort supports the creation
of a structurally standardized and semantically harmonized data model, ultimately
contributing to the production of reliable real-world evidence to inform patient care.

All are welcome to join Themis!

c N
Nomination of | _ . 4 -
— proposed convention ( ) ) ( 5 \
w R Themis issue posted to Themis WG Themis WG review of
convention posted to OHDSI forum for input adds the issue propased convention
m Theiis it site el et | S sioida and forum discussion
using the "Themis - 2 | 3 ‘occurs during Themis
m issue” form ! - ~4 meeting
1 b (4
o | .
o > ‘ Convention requires |
fi - Comention ) more context,
} S Canvention is rejected with dacumentation or
ratified w/ or w/o explanation; GitHub other details; sent
modification fesu dlosed b‘:ek o requestor
\ ; ¢ modifi
(3} | D
=Y
L |
Q_ Proposed solution is
documented
o E——

Person Exclusion, Gender
Identity, Providers with Multiple Addresses, Records with
Values, Patient Reported Data, Events Outside of the
Observation Period, Observation Periods for EHR data

Care Site, Condition Occurrence, Death,
Drug Exposure, Location, Measurement, Observation
Period, Person, Provider, Visit Occurrence

Address, Birthdate, Dates, Gender,
Gender Identity, Labs, Lab Values, Location, Measurement,
Negative, Observation Period, Patient Reported, Person,
Place of Service, Provider Quantity, Sex, Themis, Value as
Number, Year of Birth

“Themis makes decisions for the good of the whole
community. We must compromise. Don'’t let perfect
be the enemy of great. And
interoperability between different
OMOP CDMs is great!”

- Melanie Philofsky

2022 Titan Award recipient for Data Standards
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Health Systems
Website

The recently updated site houses
information and resources for all OHDSI
collaborators on their journey to real-
world data standardization. There you

will find information for getting started
with OHDSI and the OMOP CDM
including ETL and mapping guidance,
along with links to pre-

sentations, resources and
references.

Health Systems Website

DATA STANDARDS

The Vulcan FHIR to OMOP project was proposed in September 2022 to produce a focused, balloted Implementation Guide. More
than 100 people from over 80 organizations took part in the working group that built it. The IG was published as an Informative guide in
April 2026. In July, participants from 17 organizations tested it at the Vulcan Virtual Connectathon. In September it passed HL7 ballot
for Standard for Trial Use (STU) publication, with no negative votes. |G publication is planned by the end of 2026.

What a Standard for Trial Use IG means

HL7 publishes specifications at different levels. An Informative guide offers advice. A Standard for Trial Use sets requirements: it
states what a conformant implementation must do, and HL7 members have reviewed and voted on those requirements through the
consensus ballot process. HL7 uses the trial-use period to collect implementation experience before a specification can advance to
Normative status. STU content also remains stable for at least 2 years, a feature of the balloting process that gives implementers a
fixed target and supports wider adoption. For OHDSI sites, the practical change is that a FHIR-to-OMOP pipeline can be tested against
a balloted standard and found conformant or not. The STU version of the IG, with its full change log, is at https:/build.thir.org/ig/HL7/

fhir-omop-ig/en/.

What changed from the Informative version: a conformance framework

« Conformance: numbered, testable statements in 12 categories replace the informal “should” and “may” prose of the Informative
text. Five actors are defined, each with its own obligations.

« Source data: the IG now covers single resources, Bundles and Bulk Data exports. Implementers declare which FHIR profiles a
transformation accepts, and invalid input is rejected or quarantined under a documented rule.

« Status and intent: resource-specific tables state which values count as realized events, and each run reports what it excluded and why.

* Privacy: a target OMOP instance must hold no patient identifiers, and identifier-linkage tables need
separate access controls.

» Modifier extensions: the FHIR modifier extensions section adds a decision-tree diagram of its six-step evaluation process, and the
IG states that modifier screening and status filtering are separate requirements.

What the Connectathon tested

The FHIR-to-OMOP track ran on July 7 and 8, with 24 named participants from 17 organizations. They came from the Austrian
Institute of Technology, Health Samurai, HL7, Humine, IFA, InterSystems, IQVIA, MD Anderson, the Medical College of Wisconsin,
openEHR and Rutgers University, along with independent researchers and the project team’s own organizations. Participants
transformed curated FHIR R4 data into OMOP CDM v5.4 through one of three workflows: the working group’s reference tooling, their
own tooling with an external terminology server, or their own tooling with embedded terminology. Outputs were compared against a 23-
test gold standard and across workflows. One participant ran the reference workflow end to end and passed about 99% of the tests.

« InterSystems loaded data through Bulk FHIR and produced
OMORP tables with its own system. The Austrian Institute of Technology
mapped seven OMOP tables from the sample set.

+ Independent tools agreed. An OMOPHub pre-flight check run by

“More than 100 people from over 80
organizations built this guide, and the STU
ballot is their result. The IG belongs to the

InterSystems identified the same 13 unmapped codings that the ORI SER I
transform reported after ingestion, and Data Quality Dashboard - Davera Gabriel
population counts matched (FHIR to OMORP IG Co-Author)

& Davera Jean Chris Filippo ) ; ;

8 Gabriel Duteau Roeder Napoli tT hfa .track was act/vg and collaborative from start
[t i : i o finish, with the project team present throughout.
.,  Project Project Project Vulcan One participant called it the best Connectathon |
8 Co-Lead; Technical Lead; Co-Lead; PMO Lead; have attended at HL7.”

‘'O Evidentli Dogwood Health Roeder Infor- Piosoft . .

e : : - Filippo Napoli

o Consulting matics LLC Vulcan PMO Lead » 8
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Open-Source
Software

& CohortMethod

New-user cohort studies using large
scale regression for propensity and

outcome models

® SelfControlledCaseSeries
Self-Controlled Case Series analysis
using few or many predictors,
includes splines for age and

seasonality

® Cyclops

Highly efficient implementation of
regularized logistic, Poisson and Cox

regression

& DatabaseConnector

Connect directly to a wide range of
database platforms, including SQL

Server, Oracle, and PostgreSQlL

& SqlRender

Generate SQL on the fly for the

various SQL dialects.

& SelfControlledCohort

A self-controlled cohort design,

time preceding exposure is

used as control.

@ EvidenceSynthesis

Routines for combining causal effect
estimates and study diagnostics
across multiple data sitesin a
distributed study

@ ParallelLogger

Support for parallel computation
with logging to console, disk, or e

mail

& FeatureExtraction

Automatically extract large sets of
features for user-specified cohorts

using data in the CDM.,

© Andromeda

Storing very large data objects on a

local drive, while still making it
possible to manipulate the data in

an efficient manner.

& PatientLevelPrediction

Build and evaluate predictive
models for user-specified outcomes,

using a wide array of machine

learning algorithms

& EmpiricalCalibration

Use negative control exposure
outcome pairs to profile and
calibrate a particular analysis

design

eBigKnn
Alarge scale k-nearest neighbor
classifier using the Lucene search

engine.

& ROhdsiWebApi
nteract with OHDSI WebAPI web

services.

& OhdsiSharing

Securely sharing (large) files

between OHDSI collaborators.
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OPEN-SOURCE SOFTWARE

HADES

HADES is a set of open source R packages for large scale analytics, including
population characterization, population-level causal effect estimation, and patient- level

prediction.

The packages offer R functions that together can be used to perform an observational

study through the full journey from data to evidence, including data manipulation,
statistical modeling, and results generation with supporting statistics, tables and figures.

Each package includes functions for specifying and subsequently executing multiple
analyses efficiently. HADES supports best practices for use of observational data as
learned from previous and ongoing research, such as transparency and reproducibility,
as well as measuring of the operating characteristics of methods in a particular context
and subsequent empirical calibration of estimates produced by the methods.

CohortMethod

CohortMethod is an R package for performing new-user
cohort studies in an observational database in the OMOP
Common Data Model.

EvidenceSynthesis

This R package contains routines for combining causal
effect estimates and study diagnostics across multiple data
sites in a distributed study. This includes functions for
performing meta-analysis and forest plots.

Characterization

Characterization is an R package for performing
characterization of a target and a comparator cohort.

Cohortincidence

Cohortincidence is an R package and Java library for cal-
culating incidence rates on the OMOP CDM.

TreatmentPatterns

This R package contains the resources for performing a
treatment pathway analysis of a study population of interest
in observational databases. The package partially relies on
the Observational Medical Outcomes Partnership Common
Data Model (OMOP CDM), but the main parts of the
package are also usable with different data formats.
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SelfControlledCaseSeries

SelfControlledCaseSeries is an R package for performing
Self-Controlled Case Series (SCCS) analyses in an
observational database in the OMOP Common Data Model.

SelfControlledCohort

This package provides a method to estimate risk by
comparing time exposed with time unexposed among the
exposed cohort.

PatientLevelPrediction

PatientLevelPrediction is an R package for building and
validating patient-level predictive models using data in the
OMOP Common Data Model format.

DeepPatientLevelPrediction

DeepPatientLevelPrediction is an R package for building
and validating deep learning patient-level predictive models
using data in the OMOP Common Data Model format and
OHDSI PatientLevelPrediction framework.

EnsemblePatientLevelPrediction

EnsemblePatientLevelPrediction is an R package for building
and validating ensemble patient-level predictive models
using data in the OMOP Common Data Model format. The
package expands the OHDSI R PatientLevelPrediction
package to enable ensemble learning.

OHDSIl.org
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Capr

The goal of Capr, pronounced ‘kay-pr’ like the edible flower,
is to provide a language for expressing OHDSI cohort
definitions in R code. OHDSI defines a cohort as “a set
of persons who satisfy one or more inclusion criteria for a
duration of time” and provides a standardized approach
for defining them (Circe). Capr exposes that standardized
approach through a programmatic interface in R, making
it easier to build, version, and reuse cohort definitions —
particularly when creating a large number of similar
cohorts. Capr code is designed to be human-readable
while remaining directly executable against an OMOP
Common Data Model.

CirceR

A R-wrapper for Circe, a library for creating queries for the
OMOP Common Data Model. These queries are used in
cohort definitions (CohortExpression) as well as custom
features (CriteriaFeature). This package provides
convenient wrappers for Circe functions, and includes the
necessary Java dependencies.

CohortDiagnostics

CohortDiagnostics is an R utility package for the develop-
ment and evaluation of phenotype algorithms for OMOP
CDM compliant data sets. This package provides a stan-
dard, end to end, set of analytics for understanding patient
capture including data generation and result exploration
through an R Shiny interface. Analytics computed include
cohort characteristics, record counts, index event misclassi-
fication, captured observation windows and basic incidence
rates and proportions for age, gender and calendar year
(based crude data set wide metrics). Through the identifi-
cation of errors, CohortDiagnostics enables the comparison
of multiple candidate cohort definitions across one or more
data sources, facilitating reproducible research.

CohortExplorer

This software tool is designed to extract data from a
randomized subset of individuals within a cohort and
make it available for exploration in a ‘Shiny’ application
environment. It retrieves date-stamped, event-level
records from one or more data sources that represent
patient data in the Observational Medical Outcomes
Partnership (OMOP) data model format. This tool fea-
tures a user-friendly interface that enables users to effi-
ciently explore the extracted profiles, thereby facilitating

Cumulative Downloads

CohortGenerator

This R package contains functions for generating cohorts
and cohort subsets using data in the CDM.

Knowledge-Enhanced Electronic
Profile Review (KEEPER)

KEEPER is an R package for reviewing patient profiles for
phenotype validation.

PheValuator

The goal of PheValuator is to produce a large cohort of
subjects each with a predicted probability for a specified
health outcome of interest (HOI). This is achieved by
developing a diagnostic predictive model for the HOI using
the PatientLevelPrediction (PLP) R package and applying
the model to a large, randomly selected population. These
subjects can be used to test one or more phenotype
algorithms.

PhenotypeLibrary

The OHDSI community has developed a publicly
accessible, version-controlled Phenotype Library to guide
real-world evidence towards the FAIR principles:
Findability, Accessibility, Reproducibility, and Interoperability.
This library aims to foster the submission and retrieval of
high-quality cohort definitions, cataloging of metadata,
attribution and promotion of discovery and reuse in scientific
research. Within the OHDSI Phenotype Library (OHDSI
PL), each entry represents a unique cohort definition
identifiable by a stable, externally referenceable ID.
Comprehensive metadata about each cohort definition is
cataloged and made searchable for researchers. Content in
the library is subject to version control, with each version is
assigned a specific DOI.

Cumulative Downloads of OHDSI HADES R Packages by Year
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output of this R-package is a self-contained R shiny
that contains person-level data for review.
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available on CRAN by year. There have been more than
1.5 million total downloads.

Achilles

Automated Characterization of Health Information at Large-
Scale Longitudinal Evidence Systems (ACHILLES) Achilles
provides descriptive statistics on an OMOP CDM database.
ACHILLES currently supports CDM version 5.3 and 5.4.

Data Quality Dashboard

The goal of the Data Quality Dashboard (DQD) project is
to design and develop an open-source tool to expose and
evaluate observational data quality. This package will run a
series of data quality checks against an OMOP CDM
instance (currently supports v5.5, v5.4, v5.3 and v5.2).

It systematically runs the checks, evaluates the checks
against some pre-specified threshold, and then
communicates what was done in a transparent and easily
understandable way.

EmpiricalCalibration

This R package contains routines for performing empirical
calibration of observational study estimates. By using a
set of negative control hypotheses we can estimate the
empirical null distribution of a particular observational
study setup. This empirical null distribution can be used to

Andromeda

AsynchroNous Disk-based Representation of MassivE
DAta (ANDROMEDA): An R package for storing large data
objects. Andromeda allow storing data objects on a local
drive, while still making it possible to manipulate the data in
an efficient manner.

BrokenAdaptiveRidge

BrokenAdaptiveRidge is an R package for performing
L_0-based regressions using Cyclops.

Cyclops
Cyclops (Cyclic coordinate descent for logistic, Poisson

and survival analysis) is an R package for performing large
scale regularized regressions.

OPEN-SOURCE SOFTWARE

compute a calibrated p-value, which reflects the probability
of observing an estimated effect size when the null
hypothesis is true taking both random and systematic error
into account, as described in the paper Interpreting
observational studies: why empirical calibration is needed
to correct p-values.

Also supported is empirical calibration of confidence
intervals, based on the results for a set of negative and
positive controls, as described in the paper Empirical
confidence interval calibration for population-level effect
estimation studies in observational healthcare data.

Method Evaluation

This R package contains resources for the evaluation of the
performance of methods that aim to estimate the magni-
tude (relative risk) of the effect of a drug on an outcome.
These resources include reference sets for evaluating
methods on real data, as well as functions for inserting
simulated effects in real data based on negative control
drug-outcome pairs. Further included are functions for the
computation of the minimum detectable relative risks and
functions for computing performance statistics such as
predictive accuracy, error and bias.

DatabaseConnector

This R package provides function for connecting to various
DBMSs. Together with the SqlRender package, the main
goal of DatabaseConnector is to provide a uniform inter-
face across database platforms: the same code should run
and produce equivalent results, regardless of the database
back end.

Eunomia

Eunomia is a standard dataset manager for sample OMOP
(Observational Medical Outcomes Partnership) Common
Data Model (CDM) datasets. Eunomia facilitates access

to sample datasets from the EunomiaDatasets repository.
Eunomia is used for testing and demonstration purposes,
including many of the exercises in the Book of OHDSI. For
functions that require schema name, use ‘main’.

FeatureExtraction

An R package for generating features (covariates) for a
cohort using data in the Common Data Model.
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IterativeHardThresholding

IterativeHardThresholding is an R package for performing
L_0-based regressions using Cyclops.

OhdsiReportGenerator

This package contains functions for extracting character-
ization, estimation and prediction results from the OHDSI
result database. It also contains codes to create useful
plots, presentations templates and report templates.

OhdsiSharing

This is an R package for sharing data between OHDSI
partners.

OHDSIShinyAppBuilder

Create shiny apps using modules from OhdsiShinyModules
or custom modules.

OhdsiShinyModules

OhdsiShinyModules is an R package containing shiny
modules that can be used within shiny result interfaces.
The OHDSI tools often provide shiny interfaces for viewing
and exploring results. Many of these shiny apps have
overlapping features. To ensure consistency we have
created a repository containing useful shiny modules that
can be used in multiple result explorers.

ParallelLogger

Support for parallel computation with progress bar, and
option to stop or proceed on errors. Also provides logging
to console and disk, and the logging persists in the parallel
threads. Additional functions support function call
automation with delayed execution (e.g. for executing
functions in parallel).

OHDSIl.org

ResultModelManager

RMM is a database data model management utilities for R
packages in the OHDSI programme. RMM provides utility
functions to allow package maintainers to migrate existing
SQL database models, export and import results in
consistent patterns.

ROhdsiWebApi

ROhdsiWebApi is a R based interface to ‘WebApi’
(OHDSI RESTful services), and performs GET/PULL/
POST/DELETE calls via the WebApi. All objects starting
from R or output to R - are analysis ready R-objects like
list and data.frame. The package handles the intermediary
steps by converting R-objects to JSON and vice versa. To
ensure r-objects are analysis ready, the objects are type
converted where possible, e.g. date/date time are
converted from string to POSIXct.

This package makes reproducible research easier, by
offering ability to retrieve detailed study specifications,
transport study specifications from one instance to another,
programmatically invoke the generation of a sequence of
steps that are part of a study, manage running studies in
batch mode.

SqlRender

This is an R package for rendering parameterized SQL,
and translating it to different SQL dialects. SglRender can
also be used as a stand-alone Java library and a
command-line executable.

Strategus

Strategus is an R package for coordinating and executing
analytics using OHDSI HADES modules. Please turn to
page 67 to learn more about Strategus.
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The open-source tools that empower OHDSI
research are not only available to the
community, but they are DEVELOPED by the
community. We thank the many developers and

maintainers who
empower our
research
initiatives
around the
world!
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ATLAS

ATLAS is a free, publicly available, web-based tool developed by the OHDSI

community that facilitates the design and execution of analyses on standardized,
patient-level, observational data in the OMOP CDM format.

Enabling A Journey From Data To Evidence
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“ATLAS makes it possible for everyone in
the OHDSI community to collaboratively
design high-quality observational studies ,
and produce reproducible code that can = e -
be shared and executed on OMOP CDM

databases around the world.”

Ourssan

- Christopher Knoll :o
2018 Titan Award for Open-Source 1

Development recipient

Want to learn more about ATLAS?
Experience: atlas-demo.ohdsi.org e

@

Download: github.com/ohdsi/atlas
Read: book.ohdsi.org
Train: academy.ehden.eu
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Impact on Evidence

Open-source analytics development is a core pillar of the OHDSI community.
Not only do open-source tools codify scientific best practices into reproducible
processes that are freely available for everyone to use, but they make evidence
generation across a network of disparate data sources feasible and efficient.

Across the OHDSI community, we have organizations from academia, industry and
governments around the world, each with their own technical infrastructures and
ways of working. Collaboration, however, requires common solutions that everyone
can use and trust. HADES represents a fully-integrated set of tools to enable the
end-to-end journey from standardized data to reliable evidence.

Below highlights a few of the recent demonstrations of OHDSI’s open-source tools
in action for important clinical applications

Research
Cohortincidence
JAMA Ophthalmology | Original Investigation
- - - ot - - .
C haracterization Semaglutide and Nonarteritic Anterior Ischemic Optic Neuropathy
Clrndy X. Cai, MD, MS; Michelke Hribar, PhD: Sally Baxter, MD, MSc; Kerry Goelz, M3; Swarup S, Swaminathan, MD;
_ CohortMethod - ‘Adivis Flowers, MD: Eric N. Brawn, MD. PhD; Brian Tay, MO; Benjamin Xu, MD, PhD; Jehn Chen, WD, PhD;
Alyin Chen, MD; Sophia wang, MD, M5; Cecilia Lee, MD, M5; Theodore Leng, MD, MS; Joshua R Ebrlich, MD, MPH;
Andrew Barkmeier, MI; IKaren R. Armbrust, MD, PhD; Michael V. Boland, MD, PhD; David Dorr, MD, MS;
= Diznielle Boyee, MPH, DPA; Thamir Alshammari, PhD; Joal Swerdel, PRD, MS, MPH; Marc A, Suchard, MDD, PhD;
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--Cyclops . .
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L PatientLevelPrediction —

Article  Open access  Published: 18 September 2025

Clinical implementation of an Al-based prediction
model for decision support for patients undergoing
colorectal cancer surgery

Andreas Weinberger Rosen B, llze Ose &, Mikail Gégenur, Lars Peter Kloster Andersen, Rasmus Dahlin

Bojesen, Rasmus Peuliche Vegelsang, Martin Heyer Rose, Philip Wallentin Steenfos, Lasse Bremholm

S PheValuator

Hansen, Helle Skadborg Spuur, Ines Raben, Seren Thorgaard Skou, Ellen Astrid Holm, Karina

Martensen, Trine Kjzr, Jens Ravn Eriksen, The AID-SURG study group & |smail Gisgenur
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Arthritis Care & Research
DatabaseConnector orghralatce
Sq| Render Identification of Adult Dermatomyaesitis Patients Using Real-
World Data Sources
And romeda Benjamin Martin, Will Kelly, Hannah Morgan-Cooper, Thormas Falcaner, Elizabeth Park, Priya Desai,
. David Fiorentino, Lerinda Chung, Sean Yen, Zachary Wang, Didem Saygin ... See all authors
Featu re EXtraCtlo n First published: 12 August 2025 | https://doi.org/10.1002/acr.25625
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LEGEND in Principle

LEGEND (Large-scale Evidence Generation and Evaluation across a Network of

Databases) applies high-level analytics to perform observational research on hundreds
of millions of patient records within OHDSI’s international database network.

LEGEND is based on 10 guiding principles that were published in JAMIA (August, 2020)
and are listed below.

Jourmal of the American Madical Infarmatics Association, 27(8), 2020, 13311337

doi: 10.109%jamiafocaalld AMI._/}
1. LEGEND will generate evidence at a Pactanctiva

large scale. Instead of answering a single
question at a time (eg, the effect of 1 treatment on

1 outcome), LEGEND answers large sets of related .
questions at once (eg, the effects of many treatments PEI’SPE ctive

fi di t . Avoid P - .
or a disease on many oLtcomes). AlM: Avoids Principles of Large-scale Evidence Generation and
publication bias, achieves comprehensiveness of

results, and allows for an evaluation of the overall Evaluation across a Network of Databases (LEGEND)

coherence and consistency of the generated evidence. Martijn J. Schuemie (3", Patrick B. Ryan'?, Nicole Pratt®, RuiJun Chen (%%,
. L . . Seng Chan You®, Harlan M. Krumholz’, David Madigan®, George Hripesak®®, and
2. Dissemination of the evidence will Marc A. Suchard®®

not depend on the estimated effects. Al
generated evidence is disseminated at once.
Avoids publication bias and enhances transparency.

3. LEGEND will generate evidence using a prespecified analysis design. All analyses, including the research questions that will
be answered, will be decided prior to analysis execution. Avoids P hacking.

4. LEGEND will generate evidence by consistently applying a systematic process across all research questions.
This principle precludes modification of analyses to obtain a desired answer to any specific question. This does not imply a simple one-size-fits-all
process, rather that the logic for modifying an analysis for specific research questions should be explicated and applied systematically. Avoids P
hacking and allows for the evaluation of the operating characteristics of this process (Principle 6).

5. LEGEND will generate evidence using best practices. LEGEND answers each question using current best practices, including
advanced methods to address confounding, such as propensity scores. Specifically, we will not employ suboptimal methods (in terms of bias) to achieve
better computational efficiency. Minimizes bias.

6. LEGEND will include empirical evaluation through the use of control questions. Every LEGEND study includes control
questions. Control questions are questions where the answer is known. These allow for measuring the operating characteristics of our systematic
process, including residual bias. We subsequently account for this observed residual bias in our P values, effect estimates, and confidence intervals
using empirical calibration. [7,8] Enhances transparency on the uncertainty due to residual bias.

7. LEGEND will generate evidence using open-source software that is freely available to all. The analysis software is
open to review and evaluation, and is available for replicating analyses down to the smallest detail. Enhances transparency and allows replication.

8. LEGEND will not be used to evaluate new methods. Even though the same infrastructure used in LEGEND may also be used to
evaluate new causal inference methods, generating clinical evidence should not be performed at the same time as method evaluation. This is a corollary
of Principle 5, since a new method that still requires evaluation cannot already be best practice. Also, generating evidence with unproven methods can
hamper the interpretability of the clinical results. Note that LEGEND does evaluate how well the methods it uses perform in the specific context of the
questions and data used in a LEGEND study (Principle 6). Avoids bias and improves interpretability.

9. LEGEND will generate evidence across a network of multiple databases. Multiple heterogeneous databases (different data
capture processes, health-care systems, and populations) will be used to generate the evidence to allow an assessment of the replicability of findings
across sites. Enhances generalizability and uncovers potential between-site heterogeneity.

10. LEGEND will maintain data confidentiality; patient-level data will not be shared between sites in the network.
Not sharing data will ensure patient privacy, and comply with local data governance rules. Privacy.
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Journal of the American College of Cardiology —
Valume 84, Issue 10, 2 September 2024, Pages 904-917 .=

A recent study published in the Journal of the American College of
Cardiology has found that two newer classes of diabetes medications
significantly reduce the risk of heart problems in patients with type 2
diabetes (T2DM) and cardiovascular disease. The research, which
analyzed nearly 1.5 million patients, compared the effectiveness of
different diabetes drugs and found that newer medications—GLP-1
receptor agonists and SGLT-2 inhibitors —were more effective at lowering - ::n“;;’“;h;";9;‘;;';i:n:“ih:l';;':;::::9:;;’MT‘;r:“!“An:ﬁ:;;‘i";::"::::f:; o
heart risks than older drugs like sulfonylureas and DPP-4 inhibitors. Clair Blocketer MPH ", Yi Chai PhD |, shounak Chattopadhyay PhDD?, Michael Caok BSc ©,

The study’s corresponding author, Dr. Marc Suchard from UCLA, Marc Suchard ?i':'iiifi;‘éi?ﬁi‘;"fi‘,ﬁ,":;if?ii::ﬂ:;i‘:,‘ﬁ;ﬁf'f’”°“°w'“°““ i
emphasized that these findings could change the way doctors treat diabetes patients with Mare A Suchard 0, ho? 7 12 A 8 ©
heart issues. The newer drugs not only help control blood sugar just as well as older ones but also decrease cardiovascular risks and come with fewer
side effects.

This critical research, part of the LEGEND-T2DM study, highlights an important step forward in diabetes care and was published in September 2024.

Re

Comparative Effectiveness of Second-Line
Antihyperglycemic Agents for
Cardiovascular Outcomes: A Multinational,
Federated Analysis of LEGEND-T2DM

Rohon Khera MD, MS ® ¢ 2 & @, Arya Amincrrooya MD, MPH °,

The Evidence Gap

Although current clinical practice guidelines recommend using SGLT-2 inhibitors (SGLT2is) and GLP-1 receptor agonists (GLP1-RAs) for T2DM
patients who are already on metformin, many patients are still being prescribed older drugs like DPP4 inhibitors (DPP4is) and sulfonylureas (SUs), likely
due to their history and a lack of direct, head-to-head studies comparing all these medications.

The study found no statistical difference in cardiovascular effectiveness between SGLT2is and GLP1-RAs. However, both were shown to reduce heart
risks more than the older drugs. SGLT2is lowered heart risks by 11% compared to DPP4is and 24% compared to SUs, while GLP1-RAs reduced heart
risks by 17% and 28%, respectively.

This research strongly supports current clinical guidelines recommending the use of SGLT2is and GLP1-RAs for people with both type 2 diabetes and
heart disease, and it suggests these newer drugs should be the preferred second-line treatments for such patients.

The LEGEND Method

The LEGEND Initiative uses advanced analytics to perform observational research on hundreds of millions of patient records within OHDSI’s interna-
tional database network. These principles have been applied to research treatments for conditions like hypertension, depression, and COVID-19.

In this study, researchers looked at 10 international data sources covering 30 years and analyzed records of 1,492,855 patients with T2DM and heart
disease who were on metformin and started one of these four second-line agents.

LEGEND Study Publications

THE LANCET

Hypertension
Comprehensive Comparative Effectiveness and Safety of First-Line B-Blocker
Monotherapy in Hypertensive Patients

A Large-Scale Multicenter Observational Study
Maorc A Suchard, Martin | Schuemie. Harlan M Krumhodz. Seng Chan You Ruilun Chen. Nicole Pratt. Chaistion G Reich, fon Duke. David Madigan,

Georqe Hripesak, Patrick B Ryan Seng Chan You, Harlan M. Krumholz, Marc A. Suchard, Martijn J. Schuemie, George Hripcsak, Ruidun Chen, Steven Shea, Jon Duke,
Nicole Pratt, Christian G. Reich, David Madigan, Patrick B. Ryan, Rae Woong Park =], Sungha Park

Comprehensive comparative effectiveness and safety of
first-line antihypertensive drug classes: a systematic,
multinational, large-scale analysis

Summary

Background Uncertainty remains about the optimal py for hyp ion, with current guidelines recom-
mending any princary agent among the first-line drug classes thiazide or thiazide-like diurelics, angiotensin-canverting
enzyme inhibitors, angiotensin receptor blackers, dibydropyridine calcium channel blockers, and non-dibydropyridine

«calcium channel blockers, In the absence of comorbid indications. Randomised wials have not further refined this =
ek JAMA Internal Medicine | Original Investigation H y pe rt e n S I O n
Comparative First-Line Effectiveness and Safety of ACE (Angiotensin-Converting Enzyme)

Comparison of Cardiovascular and Safety Outcomes
of Chlorthalidone vs Hydrochlorothiazide to Treat Hypertension Inhibitors and Angiotensin Receptor Blockers: A Multinational Cohort Study

RuiJun Chen, Mare A. Suchard, Harlan M. Krumholz, Martijn J. Schuemie, Steven Shea, Jon Duke, Nicole Pratt, Christian G. Reich,
David Madigan, Seng Chan You, Patrick B. Ryan, George Hripcsak =]

George Hripcsak, MD, MS; Marc A. Suchard, MD, PhD; Steven Shea, MD; RuiJun Chen, MD;
Seng Chan You, MD; Nicole Pratt, PhD; David Madigan, PhD; Harlan M. Krumholz, MD, SM:
Patrick B. Ryan, PhD; Martijn J. Schuemie, PhD
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The Journey To Reliable Evidence With Causal Effect Estimation

OHDSI has created a framework for reliably estimating causal effects from real-world data. The two Causal estimates from real-world data are only valid if several assumptions have been met. OHDSI
workhorses of this framework are the comparative cohort design and self-controlled case series provides advanced methods to adjust for bias (for example due to confounding), and a framework of
(SCCS), two designs implemented as open-source R packages. Each design has standardized inputs objective diagnostics verifying the assumptions have been met. A study that fails diagnostics should
and outputs, improving reproducibility. not have its results unblinded.
'c _ . .
o Target cohort: people having the Large-scale prop_t_epsﬂy scores ggvarlite balance
% The comparative cohort exposure of interest | =
= design is akin to a Comparatpr cohort: people with =
— randomized trial, comparing osotme aCt'VehCOTparftor epro_S‘:re t y *
- utcome cohort: outcome of interes -
two cohorts of people : : : : — a
o peop Time-at-risk: Period for which to i 1,__ U '
L N ey A data-driven approach to Must achieve balance on all observed
8 confounder adjustment variables (often >10,000)
Target cohort: people having the Splines for temporal trends Temporal stabllltyb
The self-controlled case exposure of interest o,
8 series (SCCS) design Indication cohort: Time when people d 7
O compares exposed to have the indication for the exposure s T ﬂ
(7)) non-exposed time in the Outcome cohort: outcome of interest T RN BRI CRETR
same people Time-at-risk: Period for which to _ e | e |
estimate the effect Flexible and powerful adjustment Rate of outcome after spline adjustment
for time-varying confounding must be constant over time

Negative Controls & Empirical Calibration Evidence Synthesis

Negative controls — exposure-outcome pairs with no causal relationship — offer a powerful diagnostic to evaluate the One strength of OHDSI is in its numbers: data from across the OHDSI network can contribute to our understanding of
reliability of a population-level effect estimation study. By applying the same method on the same data to a large the effects of treatments. A challenge is that only summary statistics, not patient-level data, can be shared. Previously, sites
produced effect estimates and confidence intervals, combined via standard meta-analysis. However, this method can be
biased when outcomes are rare. OHDSI developed a new approach where sites share likelihood curve shapes as points,
which avoids this bias while preserving privacy. This method, now the default in HADES, is used in all OHDSI studies as it
performs as well or better than standard meta-analysis.

collection of negative controls, one can determine if there is systematic error in the analysis, whether due to selection
bias, confounding, or measurement error.

Negative controls therefore serve as an objective diagnostic applicable to multiple designs: if the expected systematic
error exceeds some pre-defined threshold, we should not trust the results of our

study. “The existing observational studies in the literature suffer from biases such as confounding,
Empirical calibration is a statistical procedure developed by OHDSI .| ~ publication bias, and p-hacking. OHDSI has tackled these challenges by standardizing

collaborators to use the error distribution estimated from negative controls and A | . _ il 6 g analytic methods, offering advanced methods for bias correction, and implementing objective

correct the original study statistics — point estimates, confidence intervals, and e Y S, ’ : diagnostics. These measures enable the generation of reliable evidence for patients and

p-values — to restore their nominal operating characteristics and allow for a more - | ‘ clinical decision-makers.”
honest interpretation of what really has been learned from observational data. "

E Martlj n Schuem ie, 2018 Titan Award recipient for Methodological Research
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The Journey To Reliable Evidence

MeTHODS RESEARCH

With Patient-Level Prediction

Federated Learning
vs. Local Model

When should you train a
local model versus do federated

learning versus do transfer learning?

Impact of
Loss Function

How stable are prediction models
if you change the loss function?

“The OHDSI Patient-Level Prediction Workgroup brings together researchers with a
shared interest in patient-level prediction, providing a collaborative space to share
ideas, tackle methodological challenges, and collectively advance the methods and
best practices supporting the use of patient-level prediction in health research.”
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Best Practices

We are performing large-scale
empirical studies that guide
model design choices.

We are using our expertise
to develop clinical models.

12

We are defining an
expanded set of diverse
benchmark tasks.

We provide software to
efficiently develop and
validate models.

“The PLP workgroup has built
a strong methodological
foundation, standardizing best
practices for developing and
validating prediction models at scale. But a validated model only helps patients once it is used in
care. The next challenge is implementation: integrating such models safely into health systems and
measuring whether they truly improve patient outcomes.” )

- Tal El-Hay

Senior Researcher, Kl Research Institute

Join the monthly PatientLevelPrediction workgroup call:
2nd Wednesday of each month @ 9am ET/3pm CET

PLP GitHub: github.com/OHDSI/PatientLevelPrediction

- Chen Yanover
Senior Researcher, KI Research Institute
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With Generative Al

The Journey To Reliable Evidence

Generative Al has the potential to fundamentally transform how the OHDSI community generates
evidence from observational healthcare data. While most current initiatives leverage existing Large
Language Models (LLMs), a dedicated subgroup of OHDSI collaborators is pioneering foundational
models trained directly on data within the OMOP Common Data Model (CDM). Initial applications
across the network are focusing on several high-impact use cases:

* Processing and extracting insights from unstructured clinical notes
+ Mapping source vocabulary codes to OHDSI Standard Concepts

+ Simulating realistic patient data

+ Designing and evaluating phenotype algorithms

« Structuring rigorous study designs

+ Advancing patient-level prediction

This rapid technological shift presents both a critical challenge and an unprecedented opportunity.
As OHDSI’s methodological research has previously demonstrated, much of the published real-world
evidence remains unreliable, frequently omitting essential objective diagnostics like negative controls
and empirical phenotype validation. Generative Al threatens to make executing these poor practices
easier and highly scalable, risking a proliferation of low-quality, automated evidence. Conversely, the
opportunity is just as powerful: we can harness generative Al to make OHDSI’s stringent best practic-
es more accessible, intuitive, and widely adopted by researchers globally.

To navigate this landscape, OHDSI is actively uniting generative Al researchers to foster collabora-
tion and synergy across the network. By providing shared evaluation resources and robust technical
infrastructure, we aim to ensure that Al-driven evidence generation aligns with our core commitment
to reliability, reproducibility, and open science.

MindsMeetMachine Challenges

Many groups across OHDSI are developing Al solutions for a wide
range of use cases. To ensure these tools are reliable, OHDSI hosts
the MindsMeetMachine challenges at our symposia. These events
serve a dual purpose: rigorously evaluating Al systems against human
benchmarks using a shared gold standard, and connecting tool

c Overall Agreement vs. Gold Standard
developers across the community.

Challenge 1 (Concept Set Construction): Demonstrated
that an Al system achieved non-inferiority compared to human
collaborators.

Concept Count

Challenge 2 (Vocabulary Mapping): Automated systems
clearly outperformed non-expert human participants at AN A2 AR At HUMAN

Classifier

mapping source codes to the OHDSI Vocabulary. = in Both (TP) In AVH Only (FP) s In GS Only (FN)
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Georgie Kennedy Rowan Perry

An exciting emerging area is the use of agentic Al at judgment-heavy points where
real-world evidence researchers will benefit from Al assistance. This includes the
selection or creation of phenotypes that are most appropriate to a study design, the
summarization of diagnostics that may lead to changes in the phenotype definitions
or the study design, helpful input on selecting the right parameters for analysis,
guidance on the selection and review of negative controls, and collaborative
interpretation of the results.

As the state of the field is in rapid flux, there are a variety of approaches being tested, ranging
from fully autonomous agentic harnesses to highly targeted agentic skills. Rather than enforce any
particular technical approach at this time, OHDSI is emphasizing the development and validation of
design patterns that it will ensure human accountability for real-world evidence outputs, high
reliability of the results, and the continued use of rigorous, validated, deterministic tools such as
those found in the HADES Library.

)

Richard Boyce

Reasoning Memory Attention Governance

surface assumptions retrieval flag design risks trust and provenance

Study Phenotypes Diagnostics Analysis Results
3 = . i . = ke . .
intent selection /validation ensure data fitness specification interpretation
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AMIA OXFORD

From study design to executable code: automating
target trial emulation with large language models

Hanjae Kim, BS**?, Minseong Kim, BS, Seonji Kim, PhD*?, Seng Chan You, MD, PhD****

"Department of Biomedical Systerms Informatics, Yansei University College of Medicine, Seaul, Republic of Korea

“fonsei Institute for Digital Health, Yonsei University, Seoul, Republic of Korea

*Institute for Al and Sacial Innavation, Yonsei University, Seaul, Republic of Korea

H.%im and M. Kim contributed equally.

*Corresponding author: Seng Chan You, Department of Biomedical Systems Informatics, Yonsei University College of Medicine, 50-1, Yonsei-Ro,
Seodaemun-gu, Seoul, Republic of Karea [chandryou@yuhs.ac)

Abstract

Objective: ing target trial (TTE) studies as standardized, reproducible analytic workflows is techni-
cally demanding. We developed Text-guided Health-study Estimation and Specification Engine Using Strategus
(THESEUS), which uses large language models (LLMs) to translate free-text study descriptions into structured analytic
specifications and Strategus R scripts within the Observational Health Data Sciences and Informatics (OHDSI) ecosystem.

Materials and Methods: THESEUS executes 2 steps: an LLM maps study descriptions to a JavaScript Object Notation
(JSON) schema, and i i are d into R scripts through rule-based logic. For standard-
ization evaluation, we p: peci il by 8 LLMs using 15 OHDSI-based TTE studies and 15 non-OHDSI
studies under primary-analysis and full-analyses settings.

sAE WOL BT, MO 31, 2036
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Comparative Cardiovascular m
Effectiveness of Glucagon-Like Peptide 1
Receptor Agonists and Sodium-Glucose
Cotransporter 2 Inhibitors in

Diabetes Mellitus

Fan Bu, Pul,” Ruspeng Wi, BS,” Anna Ostropolets, MI, PuD,” Arya Aminorroaya, MD, MPH,*" Hsin ¥i Chen, BS,”
¥i Chal, PuD,*" Lovedesp Singh Dhingra, MEES, MHS, " Thomas Falconer, M5, MS,' Jason C. Hau, PuD,'
Chungsoo Kim, PramD, PuD,"' Wallis C.¥. Lau, PaD,* "™ Kenpeth K.C. Man, Pul, ™" Evan Minty, MD,"
Daniel B. Morales, Pub,” Akihiko Nishimuora, PaD,? Phyllis Thangraraj, MD, Pull,** Mui ¥Yan Zandt, BS,?

Can Yin, M5, Rohan Khera, MD, M5, George Hripcsak, MD, M5, Marc A, Suchard, MD, Pull==""

ABETRACT

BACKGROUND Glucagon-Uie peptide 1 receptor agonists (GLP-1RAs) and sodium-glucose cotransporter 2 inhibitars
[SGLT2Is} have established cardovascular benefits for patients with type 2 diabetes mellitiss (T2OM), with similar class-
Lewel effectiveness found in arevicus studies. Howewer, real-warld i effecti 1 of indiviclual
agents reman limitad.
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Real-World Use of Controlled Terminologies, Ontologies,
and Vocabularies for Evidence Generation Across a

Large International Observational Network: Challenges and
Lessons Learned From a Mixed Method Study
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Evaluating large-scale propensity score adjustment
when sample size is small

Fleur Vereijken, MSc*"", Jenna M. Reps, PhD?, Marc A. Suchard, Prof>", Linying Zhang, PhD*®,
George Hripcsak, MD, MS®, Peter R. Rijnbeek, Prof":”, Ross D. Williams, PhD"”,
Martijn J. Schuemie, PhD>*"

"Department of Medical Informatics, Erasmus University Medical Center, Ratterdam, 3015 60, The Netherlands
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*Carresponding author: Fleur Veresjken, M5e, Dr. Malenwaterplein 40, Rotterdam, 301560, The Netherlands (Lvereijken@erasmusmenf)

Abstract

Background: Large-scale propensity score (LSPS) models are increasingly used to control confounding in observational
studies, but their reliability in small-sample settings is unclear. Small samples can limit a study’s ability to estimate
propensity scores accurately and achieve adequate covariate balance, raising concerns about insufficient confounding
adjustment. Resulting in small datasets being excluded, despite potentially containing valid information.
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Active Safety Surveillance Using Real-World Evidence (ASSURE)
Implementation: Transparent and Reproducible Real-World
Evidence Standardized Framework to Support Safety Signal
Evaluation
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Collaborations Within  Our OHDSI Community

In this section, you will see
the depth and wide range of
peer-reviewed studies that our
community has produced over

Veerankl

Stampfer, P

Mayrhuber, EGLﬁdieKr CCSeusters W
a I WOI’I
J&J FFB H@'lSkE g

the last decade. How has OHDSI Alvarez- bacalle b hshﬂ’n '#UemendVCk OOpE ora N' T lf‘ oéaatsch
ZU

rma
accomplished so much in so Cwiek- Kupczyn-:éka & czAbrahamsen, B,é:ﬁq |a,|1 o Aros, A Pa té‘Dura

s A

My HMorhert M W|ed shol
oneo S hvw n breg

Janssen

GJES a, 2 bulls, Vr r, veleB it
.Eﬁ/lun —Ainagro t[;g? dL_' 3 Flgrescu, S
o GSCIU ene, A&?ranu M

R; thcaae-cu
: zdn "gPLa
ﬂ,lAguglo. W tosre- MI"ﬁn BK tel, S
_Em ezgépdeel %Sa rE)?clm’ 0 Id"d ;Ee'“f d;eé‘se
e&r, aLﬂfEe P] % R da FP* altz
% T IV
quanAer Argente g
sewcfl.{?f%\ e Cornfer i Vo Zé ' ?]Ie f'an a'h?, nﬂ .. £
; R : «
T an Amls\’gélrl1e§e D.W bb il '" | Moscett %‘ R edense Ibe FIOW Stratmarlggcchmello €c
emmers

Imran Omarlrﬂﬁjl‘ssg"‘%:

e, e VA el L '%ﬁe ; wﬁeg A

little time? Eneﬂﬁ [ ehtone Korrithien 'ﬂﬁ 0zano-
chuk, A Erff%c
We work together. e Martmez Gonz?)leﬁg Il:u\é. . %ra%u;\dﬁg ée gCO s CH%O
Brdyner

This graphic highlights just Pal eI ag

- Lépez- S.nchem omaeCras, £ . 1

how much our community ol (;Roblnson VerPéc&rl%ﬂ AP ﬁ e S r% atl
, ' u

collaborates to produce high- Borko 3
quality observational research. DaV"ES E M v“\:o rzﬂ% %‘r hnﬁ\ Dorcﬁ

Gc;mez-RlvatJu< f\lnigeg!!fa ﬁy alli

haaf, |
NBH, Rshr, M

J %0 nther, A
NBoucm kaR AHu % ‘ i S E |5c
PaStRﬂ’é'E'hbfé}d'..lﬁg”'e”AmgP“E van B odfo je2tragdss, ) AT l‘f o ‘;'%‘BVW R’lO naf Ki*=98 Jn Bg ;«:.-ed Sohrabu K
Bl ngﬁgttwre Mor%r\g);el_Klzﬂa&I n, B 6 i ge sy {8, 0 2% Pat Wk ndij W % |na%e8 En a$| f“’”\ﬁ (ﬁﬂnggg o %al i M? avBrkaml\h: gchuttler J
um, L Arens-nan %grerma Zeinstra, un arl ' g 2 j o "Rance, B
BJureberg J Mortier, P Ferrer, M Vilagut

)éaudé?ﬂapa Akoa, F

Lassall ﬁweLanantham Aleill, A|_

énichon, M Gagn(esj g (E g Bar asa Mﬂl
niahou i &E M |
oot Wilara-seevarilhy o A TiEnng A e gwak.%;@em.eﬁ'ré b L5 oo B
Droz-Persoteau, C 3 1 : sl 2T % i {iae : r raiﬁ |J@ i chol m.en ield, , ugotatsa
Bertohrk slilledermacd- b i SICIERG, Yo NG, T Vit : %tch%rglﬁrar%gory dengye, Damad faymaker E

nja!é"([”er 2 Gall W
berson A

h Y T Nvh £ s ik - Chen, g V | { H 0 m% m
Lovestong S.g Wen, I O Fe < L5 i v a. Ven d?{‘h j Wk W
Zhuk 1S¢C o Har i,Y Nor gsbury; <P, - : =
RS e ¢ : X bins ]

OF2n s
Dellavalle, FPuente, D \ﬁ le ‘G
SN Selvesmd Tooh it g BPark G

PPali( ang M

M’\
'd i
M Andwé"eﬁ‘é':' ' ’@n E OngJE'H

3 Lusngnan SHobbs FW:II:ams k

BaXteI(fILI?m az S Cﬁuter ABe ls afmari,
ana«ill Srllelkh A
acdon al& J Hermon EILea Dzh. L
Morris, C Santo R
MllllganUCF""'n e peolenée
in
Mayer-Bavis, Lawrmce J a Amu a, A
CruzACOrrepqtherl-{amman RDabedea, D
Vereijken, F ‘
— Krasteva, R Markov E Ta 530, g Asch Daz
Eharaiie 'e\krgst%" E Murreg G al¢ AT iy Pl by V I emgf'a’ncexh'”' i
a : ! : Eﬁ)
Abanos, &M thura, E lla). > | .9}?: % rlsb SLE‘ orgliexs; B
> ¥ Inoue &in & - ageini, S
awa am‘z {Swamln@tharr1 ABax&r' ochrw. BWF "Yan ] LlrnXLorb bau @r]i %"bi b HMo&se,gﬂ Ee bestglc Bonu M
Eh Brown E ') B Hribar, *FE d MK e'?‘en 'EYialggégrt;LEm r?an ecntéh dr i ';glfbsgf,s Ta#rl"erfmg : ;
Armbuust, Item_}_l mrgan_.oo Hﬁ’ arg Vi Y en, Jm%r%hihh J| é‘%@' Ke”e e{:vK, Forriamd Rig, M Evidence generation
Areaux, RAdlbuzznmaB @r?de : osenberg o ki

a
gptsml)wch
Barkrmaler A T 0“55 remangraj, PMoSkOlItC 5

C K eelerN
oborq_3 ! z

Z g, Puttmann, D
ot Bner}._,l é"'ﬁc'y-i%ﬁ' hlolﬂakflgllggr%m ‘hr ﬁh@ e eEr Elcmc?3 ?Wg de Groot
?_ l&cLemore - so %‘ H,Pe’afmef?uﬁdwand SShaha J)Ch Sh' Raiez, F Elbers, P
Lee: T : anO h Glacomlnl 5p05|t0 CSBCChI L
hattoBad yag ?f-‘lnaod aﬁd ng-arajNESITll{ N itz fohen, FrSench mMurgia
McLeggon ] Davila-Garcia, elson, 8 ™ Honsa, Bchreier, G Neururer, gfe'fer B

PEItonEﬁhd'mgart Lauschenswoﬁre _Osprian, R Kreiner, K

Since our community has produced many, MANY publications together, this graphic can’t have all collaborators in the

perfect spot. But it shows how the culture of ‘we’ over ‘me’ has powered OHDSI to incredible heights.
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OHDSI, In A Word

What makes OHDSI special isn’t just one defining trait—it’s the countless qualities
that inspire collaborators around the world to dedicate their time and energy. During
the 2024 and 2025 Global Symposiums, we asked attendees to capture OHDSI in a
single word. The results, shown across this spread, reflect a community united by
shared values: working together, supporting one another, and advancing reliable,
reproducible, and robust real-world evidence to improve healthcare.
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Patrick Ryan provides the closing talk at the annual OHDSI Global
Symposiums, so it is appropriate for him to share his final thoughts
for this sixth edition of the Our Journey book.

Thank you for Joining The Journey with OHDSI!

In OHDSI, we often describe the journey from data to evidence: harmonizing data models and
vocabularies, defining phenotypes, validating data, and executing studies across disparate databases.
Yet as | reflect on this past year, | invite us to pause and reconsider where that journey truly begins.

Our journey does not begin with data.

It starts with a person waking to an unfamiliar symptom or the unsettling sense that something
has changed. It continues through the anxiety of seeking care and placing one’s body and trust in the
hands of a healthcare provider. In that encounter, patient and clinician face consequential questions
together: What is the diagnosis? Which treatment should we choose? Will it bring healing or
unexpected complications? What will life look like tomorrow, next month, or five years from now?

In that encounter, what every patient wants and deserves is simple:

« Comfort that their patient story is being heard, their feelings and values are understood, and
their best interests are served

+ Transparency in diagnostic decisions, trusting that conclusions are anchored in rigorous,
verifiable science rather than habit, historical inertia, or best guesses

+ Confidence in treatment choices, knowing that an intervention represents the greatest expected
outcomes—maximizing the probability of meaningful clinical benefit while minimizing the risk of
preventable harm.

« Clarity in prognosis, understanding the likely trajectory of their condition, when recovery can
realistically be expected, what unintended effects may arise, and how to proactively mitigate those
risks along the way.

Across thousands of outpatient offices, emergency departments, hospitals, and community health

centers around the world, these encounters take place on a daily basis. They are the essential human
heartbeat of healthcare. And every day, they leave behind footprints.
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What begins as an intimate human interaction is recorded into electronic health records and
administrative claims systems for clinical documentation, care continuity, and financial reimbursement.
These records are the digital artifacts of lived human experience: observational healthcare data.

All too often in our field, we treat these data as abstractions. We aggregate them into summary
tables; we strip away their narrative; we reduce complex human lives to row counts, person-years,
and arbitrary p-values. But behind every de-identified PERSON_ID is a real person — you, your loved
ones, your friends, neighbors and colleagues. Behind every VISIT_OCCURRENCE is a real
encounter, where a real person was faced with navigating the real healthcare system. Behind every
DRUG_EXPOSURE record is the hope that a disease can be effectively managed or cured.

Our fundamental mission as researchers is not merely to manipulate data points, but to learn
from those lived experiences: to honor each patient’s story individually, and to uncover the patterns
across millions of patients collectively.

From these patterns, we can characterize disease, estimate the comparative safety and
effectiveness of treatments, and predict individual outcomes from a patient’s history. When we
describe observational data science within OHDSI, we organize our work around three primary
analytical use cases: clinical characterization, population-level effect estimation, and patient-level
prediction. These are not academic categories invented for textbooks or grant applications. They
are the exact, pragmatic questions that patients, clinicians, and families desperately need answered
when their health is challenged and their patient story is being told.

Those three questions — what is happening, what should we do, and what will happen next — map
directly to OHDSI’s analytical use cases. But their importance is easiest to understand not through
technical definitions, but through the moments when reliable evidence is missing.

| want to share three patient stories from my own lived experience. Each reflects a different
evidence question at the heart of OHDSI’s mission: How often does an outcome occur? Which treat-
ment offers the best balance of benefits and risks? What is likely to happen to a particular patient?
These experiences continue to motivate my commitment to our work together.

1. When my daughter was born prematurely and with cardiovascular complications, the pediatrician
in the neonatal intensive care unit suggested
that we consider a prophylactic treatment that
would reduce the risk of serious respiratory
disease due to RSV. Unfamiliar with the drug
and terrified of making the wrong decision, |
read the product label carefully to understand
its risks and benefits. There, | saw in the
Warnings and Precautions, “Cases of
anaphylaxis and anaphylactic shock, including
fatal cases, have been reported following initial
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exposure”. What | didn’t see was something quite basic: ‘how often do patients exposed to this drug
actually experience this event?’. | simply needed to know the incidence. Was the risk one in a
hundred? One in a thousand? One in a million? That rate was the critical piece of evidence | needed
to weigh the trade-off against the treatment’s potential benefit. It felt like an essential decision that |
was being forced to make in the complete absence of reliable evidence.

2. My father has lived with progressive lower back pain from spinal stenosis for years, exhausting
less invasive options before facing a decision on spinal decompression and fusion surgery. His neuro-
surgeons walked us through the technical complexity of the procedure, advocating for their advanced
laparoscopic approach, but they could not answer the one question that mattered most to my dad:
given his age, his medical history, and his prior
treatment failures, what was the actual probability
that this surgery would relieve his pain and
restore his quality of life? | read all the publications
| could find, understood as best | could the
expected benefits and risks of the intervention,
and the important role that surgeon expertise
would play in the outcomes. But it was extremely
unsettling to realize that the information my dad
wanted (and deserved) was not accessible — to
him or me or his providers — because a well-calibrated patient-level prediction model did not yet exist,
even despite all the advances in machine learning methods and patient-reported data collection. We
were again forced to make a potentially life-altering decision in the absence of reliable evidence.

3. Earlier this year, | met with my primary care physician to explore medical options for weight
loss and initiated a newly prescribed treatment. Soon after, | experienced severe depression,
profound fatigue, and an overwhelming apathy that drained my energy and enthusiasm for work. It got
to the point where my wife looked at me and said, “You're just not right.” When | reported this to my
doctor, her immediate reaction was skepticism: she had never observed this effect in other patients,
found no published literature linking the drug to depression, and ordered lab tests to search for
alternative explanations while encouraging me to continue treatment. Weeks later, an OHDSI trip to
Australia coincided with a refill delay, forcing an unintentional dechallenge; during that week off
exposure, the depressive symptoms completely vanished. Upon returning home, | resumed therapy,
and the exact same symptoms immediately returned, finally prompting my doctor and me to
discontinue the drug. That unplanned dechallenge and rechallenge exposed the real cost of our
collective evidence gap: instead of having access to a pre-computed population-level effect
estimation study comparing neuropsychiatric outcomes across treatments, my care defaulted to
clinical dismissal, leaving me to endure a preventable and uncomfortable N-of-1 trial.

These are three patient stories from my lived experience, but frankly | feel privileged that | have
the knowledge, resources and capabilities to navigate the healthcare system and strive for the best
care possible. | know most others are not nearly as fortunate. But we all deserve better. Our patient
stories need to be heard, and our needs should to be met. | believe our OHDS community is one
important pathway toward meeting these needs.
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In 2021, | was honored to be invited by Christophe Lambert to deliver the University of New
Mexico Joseph Scaletti Catalyst Lecture on the work of the OHDSI community. While preparing for
that talk, | met Dr. Carla Scaletti, who introduced me to data sonification: the use of pitch, rhythm,
harmony, and timbre to reveal patterns and anomalies in data, much as visualization does through
graphical forms. The idea stayed with me. Could sonification help us hear patient stories and
recognize patterns across populations? A patient profile might become a melodic line, a clinical
observation a beat in time, and a serious health episode a crescendo that ideally resolves into rest.
A cohort would become a chorus of voices. If we listened more closely to patients’ experiences in our
data, what would we hear? Perhaps listening to the data — and hearing the patient story — is one
path toward humanizing the analytical journey to reliable evidence.

When we harmonize observational data through the OMOP Common Data Model, we do not
erase individual patient journeys; we establish the shared sheet music that allows disparate health
systems to play in unison. The OMOP CDM establishes the universal clefs, time signatures, and
scales. Standardized vocabularies—such as SNOMED CT, RxNorm, and LOINC —ensure that a
clinical code in Seoul, London, Barcelona, or New —
York carries the exact same meaning to play the
same chord. Our open-source analytical pipelines

allow us to execute consistent, reproducible studies _
across 100 countries without centralizing sensitive :

patient records to stay in tune. When we bring all

of these stories together across the OHDSI global
network, we are not simply assembling a massive
database. We are composing an epic, worldwide

symphony.

In that global symphony, we can hear what no single doctor or hospital can detect on their own:

+ We hear the baseline tempo of disease incidence across diverse populations, establishing the
true context of human illness.

* We hear the distinct timbre of diverse patient groups, recognizing when treatments behave
differently across age groups or complex comorbidity profiles.

+ Most importantly, we hear the discordance. In our network, an adverse drug event is an
unexpected, clashing dissonance. Because we calibrate our analyses with negative control outcomes
and active comparators, that discordance cuts through the background noise, alerting us to safety
signals before widespread harm occurs.

We often point with pride to our global reach, representing more than one billion patient records
across dozens of countries. But our achievement should never be measured by the sheer volume of
data we can count. A vast database is not a trophy; it is a profound moral obligation.

It is our shared duty to ensure that every individual patient is heard, that no melody is silenced
by data silos, and that the quiet rhythms and discords of disease and adverse events are recognized
before harm occurs. When we harmonize these stories through open science, standardized data
models, and transparent analytics, we transform raw observational data into actionable evidence. We
create insights that can guide a physician at the bedside, bring clarity to a patient facing an uncertain
prognosis, and steer health systems across the globe toward safer, more effective care.
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As we close this chapter of Our Journey, the OHDSI community continues to demonstrate what
becomes possible when open collaboration takes center stage. Across disciplines, institutions, and
countries, community members have advanced shared standards, open-source tools, reproducible
methods, and network studies that make real-world evidence more transparent, scalable, and
clinically meaningful. The progress reflected throughout this annual report belongs to everyone who
contributed data, methods, software, scientific leadership, implementation experience, and
constructive challenge.

Looking forward, our focus must remain clear:

* For data partners: Continue the vital work of mapping your data to common standards and
collaborating across distributed networks, ensuring that the valuable experiences of your patients
contribute to global knowledge while steadfastly safeguarding their privacy.

 For our methodologists and software developers: Continue refining our open-source tools
and building transparent pipelines that make it accessible and efficient for every researcher on Earth
to apply rigorous methods to robust databases of past patient experiences to produce reliable real
world evidence that can help write future patient stories.

* For our clinicians and researchers: Prioritize the empirical questions that patients and
providers desperately need answered—the real-world summaries that explain disease natural
history and treatment choices, the comparative studies that establish safety and effectiveness of
medical interventions, and the prediction tools that guide individualized care.

Thank you for your tireless dedication, your passion for open science, and your relentless

commitment to this journey. Let us continue to listen closely to the data, bring the human experience
to the center of all we do, and generate the evidence that helps the world live healthier lives.

Cheers,

(I did use Al to try to help me revise this letter, but after reading George’s letter | rejected most
of the suggestions)

YAOHDSI

#JoinTheJourney
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How Can You Join The Journey?

Our community has set both the foundation and the highest of standards for global collaboration around
observational research. We continue to make real differences in healthcare, and we are doing it through
transparent and reproducible science. We also recognize that there is so much more to be done, and so much
more that we can do.

If you are inspired by what you read in this book, if you want to learn more about methods research or
open-source development, if you have a clinical question you believe needs answering, or if you want to join
a community of people dedicated to the team sport of observational health data sciences and informatics, we
have a place for you.

How can you get started?

Join The OHDSI Forums (forums.ohdsi.org)

Connect with other OHDSI collaborators on our community forums and start discussing how you can help
us inform medical decision-making, or simply follow discussions that are interesting to you and learn about
the work happening within our global community.

Join Our Workgroups & MS Teams Environment (ohdsi.org/ohdsi-workgroups)

Our workgroups present opportunities for all community members to find a home for their talents and
passions, and a place to make meaningful contributions. We are always looking for new collaborators. Learn
more by checking out the workgroups homepage Our workgroups collaborate inside the OHDSI MS Teams
environment; a form to join our Teams environment is available here: bit.ly/Join-OHDSI-Teams.

Join Our Community Calls (ohdsi.org/community-calls)

Join collaborators around the world each week during our OHDSI Community Call, held Tuesdays at 11 am ET
within our Teams environment. Following weekly updates, we have a variety of call formats, including
research presentations, workgroup updates, discussions, tutorials, debates and more. These calls are
recorded, and you can access them (as well as the meeting link) at our Community Calls page.

Continue To Learn About OHDSI

Learn about OHDSI tools and research processes in a variety of ways.

+ The OHDSI website keeps you informed of recent news, publications, upcoming studies and more, while
providing all critical links needed to help with your journey: ohdsi.org

+ The Book of OHDSI (which is also translated into both Korean and Chinese) is a community-developed
resource with information for every step of your journey: ohdsi.github.io/TheBookOfOhdsi

« Check out the EHDEN Academy, a set of free, on-demand training and development courses. These are
open to anybody, but we always encourage new OHDSI collaborators to use this resource to learn about best
practices towards our mission of improving health by empowering a community to collaboratively generate
evidence that promotes better health decisions and better care: academy.ehden.eu

+ Check out the OHDSI YouTube page (youtube.com/c/OHDSI) for many community-developed learning
resources, including tutorials, research presentations and more. Follow OHDSI on Linkedin, X, Instagram and
Bluesky to keep updated on community research and follow the #OHDSISocialShowcase to see the research
shared at our annual symposia.

Join The Journey

Your journey with OHDSI has started. Your interest in our global community is the first step in making a
difference in global health. There is no limit to the impact you can make, and you can do so in a supportive,
positive and fun environment. We invite you to search our website, post to the forum, join us in Teams, check
out our GitHub, or reach out to us over email (contact@ohdsi.org).

Thank you for Joining The Journey with OHDSI!
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